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Abstract

When large language models are used in real-
world scenarios, continual learning (CL) be-
comes a non-trivial problem. In particular,
continual learning with modern LLMs is chal-
lenged both by the substantial computational
costs induced by their massive parameter scale,
and by the limitations of current CL meth-
ods, which are mainly designed to mitigate
catastrophic forgetting while neglecting knowl-
edge sharing across tasks. We further observe
that models with stronger performance exhibit
stronger inter-task connections. In light of the
above challenges and findings, we propose At-
tribution Scores-based Soft Orthogonality Low-
Rank Adaptation (ASO-LoRA), an effective
and efficient framework that simultaneously
facilitates knowledge transfer while mitigat-
ing catastrophic forgetting. Specifically, ASO-
LoRA initially assigns task-specific parameter
subspaces for new tasks utilizing multi-LoRA
modules, enabling for efficient training and in-
ference without relying on task labels. Then,
ASO-LoRA leverages attribution scores to eval-
uate task similarity and employs soft orthogo-
nality between task-specific subspaces, guiding
gradient updates in directions that promote pa-
rameter isolation, achieving a balance between
knowledge transfer and preservation. Exper-
iments are carried out on both the T5-large
and the LLaMA2-7B, showing ASO-LoRA’s
superior performance and suitability as a plug-
in CL solution for general Transformer-based
LLMs. Code is available at https://github.
com/736619821/ASO-LORA.

1 Introduction

Continuous learning (CL) is essential for applying
language models in real-world scenarios, as pre-
senting training data sequentially from varied distri-
butions of different tasks can result in catastrophic

*These authors contributed to the work equally.
† Corresponding author.

forgetting (Wang et al., 2024a). Despite the re-
markable performance of recently published large
language models (LLMs) such as GPT-4 (Achiam
et al., 2023a), Llama (Touvron et al., 2023), and
DeepSeek (Liu et al., 2024a) across various tasks
(Han et al., 2023; Bai et al., 2025), CL still remains
a significant challenge, as LLMs are not suited for
frequent retraining due to the notable training costs
related to their large scale (Wu et al., 2024; Han
et al., 2025).
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Figure 1: The key innovation lies in ASO-LoRA’s dual
capability to mitigate catastrophic forgetting of histor-
ical tasks while simultaneously facilitating inter-task
knowledge transfer. ASO-LoRA updates the parameters
subspace of new task through a soft orthogonal direction
(orange curved arrow) with the historical tasks, instead
of updating through a hard orthogonal direction (red
straight arrow), to constrain the gradient updates of the
current task to be softly orthogonal to the gradient sub-
space of the past tasks.

In contrast to its employment in smaller models,
efficient CL is of great importance for LLMs since
implementing CL with billions of parameters in-
curs large computing costs. To realize efficient
CL, recent research has adopted the Parameter-
Efficient Tuning (PET) frameworks for LLMs. Raz-
daibiedina et al. (2023) learns a new soft prompt
for each task and concatenates it with previously
learnt prompts, while freezing the base model. O-
LoRA (Wang et al., 2023) incrementally learns new
tasks in an orthogonal subspace while fixing the
LoRA parameters learned from past tasks to mini-
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mize catastrophic forgetting. However, these meth-
ods tend to address only catastrophic forgetting,
neglecting the possibility of transferring knowl-
edge between tasks. SAPT (Zhao et al., 2024b)
aligns the learning and selection of LoRA param-
eters via the shared attentive learning and selec-
tion module, addressing catastrophic forgetting and
knowledge transfer simultaneously. Despite being
PET-agnostic, SAPT’s additional modules increase
architectural complexity.

Recent studies (Wang et al., 2023; Saha et al.,
2021) further suggest that optimizing along direc-
tions orthogonal to historical tasks’ gradient sub-
spaces can meet the purpose of mitigating catas-
trophic forgetting, by minimizing interference with
their loss functions. Meanwhile, Low-Rank Adap-
tation (LoRA) (Hu et al., 2022a) has emerged as
an efficient PET method, showing that fine-tuning
task-specific low-rank subspaces can achieve com-
petitive performance. Beyond these insights, we
further visualize the similarity between the final
output distributions of two models with different
performance levels in the continual learning setting
in Section 3.1. We observe that models achieving
higher average task performance exhibit greater
similarity across tasks, indicating stronger inter-
task connections and more effective knowledge
sharing across tasks.

Inspired by these, we propose Attribution Scores-
based Soft Orthogonality Low-Rank Adaptation
(ASO-LoRA), a simple yet efficient methodology
for continual learning in large language models,
addressing both catastrophic forgetting and pro-
moting knowledge transfer. We begin by assigning
task-specific parameter subspaces for new tasks
utilizing multi-LoRA modules, leaving the LLMs’
parameters frozen. Multi-LoRA also enables infer-
ence without relying on task labels, allowing for
generalization to previously unknown tasks. Then
we improve the original method, which only takes
gradient steps in the orthogonal direction, by hy-
pothesizing that different tasks may share similar
knowledge that could be transferred to enhance
their task capabilities. As shown in Figure 1, we
use attribution scores (Dai et al., 2021) to evaluate
task similarity and propose taking gradient steps in
a soft orthogonal direction between task-specific
subspaces, achieving a balance between knowledge
transfer and preservation.

We conduct experiments using the encoder-
decoder-based T5-large and decoder-only-based
LLaMA2-7B models, demonstrating ASO-LoRA

as a plug-in CL solution for general Transformer-
based LLMs. Experimental results on CL bench-
marks show that ASO-LoRA outperforms other
strong baselines.

2 Related works

Continual learning in LLMs refers to the
paradigm where LLMs sequentially acquire new
knowledge from non-stationary data distributions
while preserving learned capabilities (Wang et al.,
2024a; Wu et al., 2024), and can be categorized into
these types: Replay-based approach (Smith et al.,
2024; Petit et al., 2023), Regularization-based ap-
proach (Zhao et al., 2024c), Optimization-based
approach (Wang et al., 2022a), and Architecture-
based approach (Han et al., 2025).

Parameter-Efficient Tuning (PET) adapts mod-
els by optimizing performance through updates
to a minimal set of parameters (without direct
modification of original parameters), employing
Adapters (Wang et al., 2022b), soft prompts (Liu
et al., 2024c), or low-rank adaptations (LoRA) (Liu
et al., 2024b), to significantly reduce computational
costs (Coleman et al., 2025).

Due to space constraints, please refer to the Ap-
pendix A for more detailed related works.

3 Methodology

3.1 Observations
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(a) Inferior performance model
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(b) Better performance model

Figure 2: Inferior vs. Better performance model on the
final output distribution similarity across different tasks
in the CL scenarios on T5-Large structure.

The motivation behind the ASO-LoRA method
is based on the following discovery: we visualize
the similarity between the final output distributions
of two models with different performance levels,
across various tasks in a continual learning setting.

As shown in the heatmap in Figure 2, the model
with higher average task performance exhibits
greater similarity between tasks, thereby more ef-
fectively strengthening inter-task connections. This
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Figure 3: The overall framework of ASO-LoRA, employing multi-LoRA composition with a soft orthogonality
constraint. a) We progressively train a new LoRA block for each incoming new task while freezing all historical
LoRA blocks, and sequentially stack it upon existing LoRA blocks for the inference stage. b) The parameter updates
for the new task’s subspace adhere to a soft orthogonality constraint as a regularization term: we derive a soft
orthogonality coefficient by quantifying the similarity between the attribution scores of the current and historical
tasks, instead of enforcing the subspaces to be strictly orthogonal to mitigate catastrophic forgetting. This soft
orthogonality allows for partial overlap in the tasks’ subspaces, facilitating the cross-task knowledge transfer.

difference, driven by the distinct interaction pat-
terns between LoRA blocks, necessitates the de-
velopment of a new method, which could facili-
tate more effective cross-task knowledge transfer,
thereby contributing to improved performance in
continual learning scenarios.

Leveraging from the above findings, we propose
ASO-LoRA, with Figure 3 illustrating an overview
of the whole framework. ASO-LoRA utilizes a
multi-LoRA composition mechanism with soft or-
thogonality constraints to enable continual learning
of incremental tasks. Next, we will present a com-
prehensive exposition of our proposed method.

3.2 Preliminary
Task Definition: Continual learning (CL) refers
to a learning paradigm in which a model M , pa-
rameterized by θ, sequentially acquires knowledge
from a series of tasks’ data {D1, D2, ..., DT } over
T learning stages. Each task t consists of a set
of input and target output pairs {(xti, yti)}ni=1. The
objective of CL is to optimize the model’s parame-
ters θ such that M averagely performs well on all
learned tasks:

maxθ

T∑

t=1

∑

{(xt
i,y

t
i)}ni=1∈Dt

logpM (yti |xti) (1)

Continual learning using Multi-LoRA compo-
sition. We adopt LoRA, an efficient PET method
to fine-tune a specific low-rank subspace of train-
able parameters for new tasks, while keeping the
pre-trained parameters of the LLMs frozen. LoRA

does not rely on task IDs during inference, there-
fore keeping LLMs’ generalization ability on un-
seen tasks. Specifically, LoRA freezes the LLMs’
pre-trained weight matrix Wbase ∈ Rd×k without
receiving gradient updates to preserve the acquired
knowledge. Trainable low-rank decomposition ma-
trices At ∈ Rd×r and Bt ∈ Rr×k are introduced
for each new task t learning in parallel pathways,
with r ≪ min(d, k).

To enable continual task adaptation for pre-
trained LLMs, we employ the multi-LoRA mecha-
nism, in which a separate LoRA block LoRAt =
{At, Bt} is trained for each downstream task t.
The base LLM attached with LoRAt is defined
as MLoRAt . The updated weight matrix Wt of
MLoRAt for specific task t is as follows:

Wt =Wbase +∆Wt =Wbase +AtBt (2)

As the number of continually learned tasks in-
creases, we can integrate the updated LoRA param-
eters into the base LLM parameters during infer-
ence, as shown in Eq.(3).

WmergeT =Wbase +
T∑

t=1

AtBt (3)

3.3 Enhancing Multi-LoRA with Attribution
scores based Soft Orthogonality

The vanilla CL with multi-LoRA, as described in
Eq.(3), fails to account for the interactions between
LoRA blocks, leading to instability in the fusion
process and catastrophic forgetting. To address

18474



the issues raised above, we propose to enhance
LoRA with Attribution Scores based Soft Orthogo-
nality (ASO-LoRA), taking into account both catas-
trophic forgetting and knowledge transfer between
tasks while integrating LoRA blocks. In particular,
ASO-LoRA uses orthogonal regularization among
the subspaces of multi-LoRA blocks to prevent
catastrophic forgetting following previous studies
(Wang et al., 2023). It further introduces attribution
scores to softly adjust the orthogonal regularization,
thereby improving positive inter-task knowledge
transfer.

Formally, ASO-LoRA starts by learning new
tasks in a direction orthogonal to the LoRA sub-
spaces of historical tasks while freezing histori-
cal LoRA parameters. For each task t, At =
[a1t , a

2
t , ..., a

r
t ] of LoRAt = {At, Bt} is approx-

imated as the core of the task-related subspace,
where each vector inBt = [b1t , b

2
t , ..., b

r
t ] represents

the linear weighting coefficients of the column vec-
tors in At. Achieving orthogonality between the
subspaces of the new task T and each historical
task t ∈ {1, ..., T − 1} can be expressed as:

AT
t AT = 0 (4)

The hard orthogonality defined in Eq (4) sim-
ply considers the difference between tasks while
ignoring the sharing of knowledge, resulting in in-
efficiency. We hypothesize that the relationship
between LoRA blocks is not strictly orthogonal
and that interactions between LoRA blocks may
yield knowledge transfer with beneficial effects. To
capture the shared knowledge, we further introduce
the concept of a dynamic soft orthogonality coef-
ficient ψsoft

t,T . ψsoft
t,T decreases as more knowledge

is shared between two LoRA blocks, indicating a
stronger enhanced parametric correlation. In con-
trast, the coefficient increases as the LoRA blocks
become more orthogonal, indicating a decrease in
the relevance of the knowledge of tasks represented
by the LoRA block. With the soft coefficient factor
ψsoft
t,T , the hard orthogonality defined in Eq.(4) can

be reformulated as the attribution score-based soft
orthogonality ASOt,T :

ASOt,T = ψsoft
t,T AT

t AT = 0 (5)

The soft coefficient factor ψsoft
t,T is calculated by

the weight of attribution scores wattr
t,T between the

new task T and historical task t(t < T ) as below:

ψsoft
t,T = 1− wattr

t,T (6)

Finally, the CL training objective for the new
task T is defined as:

L =
∑

(x,y)∈DT

logpMLoRAT
(y|x) + λ

T −1∑

t=1

LASO(At, AT )

LASO(At, AT ) =
∑

j,k

||ASOt,T [j, k]||2

(7)

Where ASOt,T is the attribution score-based
soft orthogonality defined in Eq.(5). ASOt,T [j, k]
denotes the element at the j − th row and k − th
column of ASOt,T , and λ is the weight of the soft
orthogonality loss.

Next, we present the details about how to derive
the weight of attribution scores wattr

t,T .

3.4 The weight of Attribution scores

Before introducing the weight wattr
t,T of the attribu-

tion score, we first introduce the concept of Knowl-
edge Neuron.

Knowledge Neurons (KNs) are neurons in the
Transformer’s Feed-forward Network (FFN) mem-
ories that store factual knowledge, discovered by
recent studies (Dai et al., 2021). FFN is responsi-
ble for applying a non-linear transformation to the
hidden state H , given by the multi-head attention
(MHA) module of Transformer:

FFN(H) = GELU(HW l1)W l2 = NeuronsW l2

(8)
W l1 and W l2 are weight parameter matrices of

the FFN layers. For simplicity, we omit the scaling
factor in MHA and the bias terms in FFN.

Attribution scores evaluate the contribution of
each knowledge neuron in the LLM to the knowl-
edge expression of data (Dai et al., 2021) based
on the integrated gradients. We utilize attribution
scores to assess how similar the model with the
new-task LoRA is to models with historical-task
LoRA blocks, allowing us to establish the proper
level of orthogonal constraints between the LoRA
blocks.

Given an input data xT of new task T , we first
define the output P T

MLoRAt
(n̂it) as the probability

of the correct answer predicted by MLoRAt (base
model attached to a LoRA of each specific task t):

P T
MLoRAt

(n̂it) = pMLoRAt
(y∗|xT , nit = n̂it) (9)
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where y∗ denotes the correct answer; nit denotes
the knowledge neuron of MLoRAt to be calculated,
and n̂it is a given constant that nit is assigned to.

To determine the attribution score Attr(nit), we
gradually alter nit from 0 to its original value n̄it
calculated by the MLoRAt , while simultaneously
integrating the gradients:

Attr(nit) = n̄it

∫ 1

σ=0

δP T
MLoRAt

(σn̄it)

δnit
dσ (10)

PT
MLoRAt

(σn̄i
t)

δni
t

calculates the gradient of the

model output with regard to nit. As σ varies from 0
to 1, Attr(nit) accumulates the cumulative impact
of modifying nit on the change of output probabil-
ity.

Since it is difficult to directly calculate contin-
uous integrals, the Riemann approximation (Roe,
1981) method is used to estimate the value of inte-
grated gradients, and we set the number of approx-
imation steps m = 20:

Attr(nit) =
n̄it
m

m∑

k=1

δP T
MLoRAt

( k
m n̄

i
t)

δnit
(11)

When a knowledge neuron nit significantly im-
pacts the expression of knowledge, the resulting
gradient becomes prominent, leading to high inte-
gration values Attr(nit).

For MLoRAt , we assemble the attribution
scores corresponding to all knowledge neurons
[n1t , ..., n

N
t ], denoting them as a vector:

Attr_vecMLoRAt
= [Attr(n1t ), ..., Attr(n

N
t )]

(12)
Where N represents the number of MLoRAt’s KNs.

Using the aforementioned, we can calculate the
weight of attribution scores wattr

t,T as shown below.
We quantify the influence of each historical task
t(t < T ) on the current task T by computing the
similarity between their attribution vectors for the
current task T ’s data:

wattr
t,T = Sim(Attr_vecMLoRAt

, Attr_vecMLoRAT
)

(13)
wattr
t,T evaluates the transferability of knowledge

from previous tasks {1, 2, ..., T −1} to new task T .
A higher wattr

t,T indicates greater knowledge sharing
between tasks t and T , suggesting that LoRAt is
more likely to positively influence LoRAT block.

4 Experiments

4.1 Experimental setups
4.1.1 Datasets
CL benchmarks: Following Wang et al. (2023)’s
work, we conduct comprehensive evaluations of
ASO-LoRA against state-of-the-art baselines on
four standard continual learning benchmarks for
language models: AG News, Amazon Reviews,
DBpedia, and Yahoo Answers (Zhang et al., 2015).

Longer benchmarks: To further validate our
approach, we conduct extensive experiments on
longer task sequences, incorporating 15 common
tasks used for language models (Razdaibiedina
et al., 2023), including the AG News, Amazon
Reviews, DBpedia, Yahoo Answers, and Yelp re-
views from standard CL benchmarks; MNLI, QQP,
RTE, SST2 from GLUE benchmark (Wang et al.,
2018); WiC, CB, COPA, MultiRC, BoolQ from
SuperGLUE (Wang et al., 2019), and the IMDB
movie reviews (Maas et al., 2011).

We explore 6 different orders of the benchmarks
to validate the methods’ efficacy across diverse
continual learning scenarios.

4.1.2 Metrics
Following Wang et al. (2024b), we use the Aver-
age Accuracy (AA) to evaluate the performance of
ASO-LoRA in the CL scenario, which is the aver-
age accuracy of all tasks after the model finishes
training on the latest task T :

AA =
1

T
T∑

i=1

aT ,i (14)

We also employ forgetting measure (FM) and
forward transfer (FWT) as evaluation metrics to
comprehensively evaluate our approach.

4.1.3 Baselines
Based on Wang et al. (2023)’s work, we
evaluate our method against strong competi-
tive baselines: (1) Non-CL baselines: Se-
qFT(de Masson D’Autume et al., 2019) and Per-
TaskFT. PerTaskFT is considered as the upper
bound. (2) LoRA-based: SeqLoRA, IncLoRA,
MoELoRA(Luo et al., 2024), MoCL(Wang et al.,
2024c) and O-LoRA(Wang et al., 2023). (3) Tra-
ditional CL baselines: Replay(Chaudhry et al.,
2019), EWC(Kirkpatrick et al., 2017), LwF(Li
and Hoiem, 2017), L2P(Wang et al., 2022c), and
LFPT5(Qin and Joty, 2021). See Appendix B.2 for
details of these baselines.
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CL benchmarks Longer benchmarks
Order-1 Order-2 Order-3 Avg. Order-4 Order-5 Order-6 Avg.

SeqFT 18.9 24.9 41.7 28.5 7.4 7.4 7.5 7.4
PerTaskFT 72.5 72.5 72.5 72.5 78.0 78.0 78.0 78.0

Replay 55.2 56.9 61.3 57.8 55.0 54.6 53.1 54.2
EWC 48.7 47.7 54.5 50.3 45.3 44.5 45.6 45.1
LwF 54.4 53.1 49.6 52.3 50.1 43.1 47.4 46.9
L2P 60.3 61.7 61.1 60.7 57.5 53.8 56.9 56.1
LFPT5 67.6 72.6 77.9 72.7 70.4 68.2 69.1 69.2

SeqLoRA 62.6 61.5 69.3 64.5 56.7 52.7 15.9 41.8
IncLoRA 69.5 64.9 70.9 68.4 59.0 62.6 62.3 61.3
MoCL 75.6 75.4 76.7 75.9 - - - -
MoELoRA 52.8 49.6 59.8 54.1 36.3 31.4 15.1 27.6
O-LoRA 75.6 78.1 72.1 75.3 71.6 69.3 75.8 72.2
ASO-LoRA 76.2 77.5 77.3 77.0 73.7 67.2 77.4 72.8

Table 1: The main averaged accuracy (AA) results on two series of benchmarks with the T5-large model (T5-710M),
after training on the last task. The results of CL baselines are referred from Wang et al. (2023)’s work, while the
results of MoCL and MoELoRA are from Du et al. (2024).

4.1.4 Implementation Details

ASO-LoRA employs the generalization-friendly in-
struction tuning as the training paradigm, capturing
the underlying commonalities of tasks. We im-
plement ASO-LoRA on two representative Trans-
former architectures: the encoder-decoder model
T5-large (710M) (Raffel et al., 2020) and the
decoder-only model LLaMA2-7B (Touvron et al.,
2023), highlighting ASO-LoRA’s applicability as
a plug-in continual learning solution for general
Transformer-based language models. The param-
eters of a single LoRA module account for only
0.4% of the total model parameters. On standard
CL benchmarks, LoRA constitutes merely 1.6%
of the parameters. The similarity in Eq.(13) em-
ploys Spearman’s rank correlation coefficient. We
train the models with one epoch, using the AdamW
(Loshchilov and Hutter, 2017) optimizer in a batch
size of 64 with learning rate 1× 10−3 for each ex-
periment. The weight decay is 0 while the dropout
rate is set as 0.1. The weights of the soft orthogonal-
ity loss follow Wang et al. (2023)’s work. Results
are reported as the average of 3 runs. Our setup
consists of a four-core CPU and eight NVIDIA
Tesla A100 GPUs.

For more details on task orders, task details, met-
rics, and baselines, refer to the Appendix B.

4.2 Main results and analysis

Table 1 displays a comprehensive performance
comparison between ASO-LoRA and baselines on
both CL benchmarks and extended longer bench-
marks. We evaluate the effectiveness of ASO-
LoRA for CL scenarios from three perspectives:

Performance on CL benchmarks: As evi-
denced by the results, ASO-LoRA consistently out-
performs all baselines across different task orders.
Notably, ASO-LoRA achieves significant improve-
ments of 4.5% and 1.7% compared to PerTaskFT
and O-LoRA, respectively. These demonstrate that
ASO-LoRA effectively mitigates catastrophic for-
getting in continual learning scenarios while suc-
cessfully leveraging previously acquired knowl-
edge. Notably, unlike conventional CL baselines,
ASO-LoRA requires neither full-parameter train-
ing nor historical data storage, thereby achieving
significant computational efficiency while preserv-
ing knowledge from the pertaining stage.

Performance on longer general benchmarks:
Following Wang et al. (2023), we assess ASO-
LoRA on a more challenging scenario, involving
sequential training across 15 extended tasks. As
illustrated in Table 1, ASO-LoRA achieves su-
perior performance compared to almost all base-
lines in addressing longer continual learning prob-
lems, demonstrating ASO-LoRA’s robust adapt-
ability to more complex scenarios. However, Per-
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TaskFT maintains higher performance, indicating
that sustained knowledge preservation in long task
sequences remains an open challenge.

Table 2: The main AA results on CL benchmarks with
the Llama-7B model, after training on the last task.

Model CL benchmarks
Order-1 Order-2 Order-3 Avg.

SeqLoRA 77.2 76.6 78.0 77.2
IncLoRA 32.7 49.1 35.5 39.1
O-LoRA 73.7 75.0 76.5 75.1
ASO-LoRA 75.0 74.8 78.1 76.0

Results on other Transformer-based struc-
tures: To further validate the generalizability of
ASO-LoRA across Transformer-based architec-
tures, we extend our experiments on the decoder-
only LLaMA-7B model using standard CL bench-
marks. As evidenced in Table 2, ASO-LoRA
achieves a leading performance, with an average
improvement of 0.9% over O-LoRA. These em-
pirical evidences confirm ASO-LoRA’s plug-and-
play adaptability, suggesting its broad applicability
across diverse Transformer-based models for com-
plex continual learning scenarios. We include the
results of the LLaMA architecture on longer bench-
marks in the Appendix C.1.

4.3 The impact of Soft Orthogonality

To facilitate a more intuitive analysis of Soft Or-
thogonality’s effectiveness, we further display the
comparative task-specific results after complete
model training across three distinct task orderings
(Order1-Order3) on both T5 and Llama structures,
as listed in Table 3 and 8.

Regardless of task ordering, ASO-LoRA demon-
strates superior performance on most tasks com-
pared to O-LoRA and the fine-tuning-only upper
bound. Although ASO-LoRA exhibits a lower AA

Table 3: Results on individual tasks after completing
training on the final task with T5-large across Order
1&2&3. The left-to-right ordering of benchmarks corre-
sponds to the task training order.

Model CL benchmarks per-task results

Order1

Sequences Dbpedia Amazon Yahoo Ag
PerTaskFT 97.6 34.7 70.0 87.5
IncLoRA 81.3 38.6 68.0 89.9
O-LoRA 89.6 56.4 67.5 88.8
ASO-LoRA 88.1 57.9 71.1 87.5

Order2

Sequences Dbpedia Amazon Ag Yahoo
PerTaskFT 97.6 34.7 87.5 70.0
IncLoRA 72.0 44.2 70.1 73.5
O-LoRA 96.8 56.4 87.7 71.8
ASO-LoRA 91.3 58.5 87.9 72.1

Order3

Sequences Yahoo Amazon Ag Dbpedia
PerTaskFT 70.0 34.7 87.5 97.6
IncLoRA 65.1 44.9 75.0 98.4
O-LoRA 69.7 33.3 86.6 98.7
ASO-LoRA 70.3 55.1 85.2 98.9

score than O-LoRA on Order2, it achieves greater
performance improvements across more individual
tasks. Preliminary analysis suggests that poten-
tial negative backward transfer from later tasks to
the initial task may lead to performance degrada-
tion. For Order3, ASO-LoRA achieves a significant
21.8% improvement over O-LoRA on task Ama-
zon. These evidences still prove that the proposed
Soft Orthogonality mechanism extends the interac-
tion subspaces between LoRA blocks within PET
frameworks, relaxing hard orthogonal constraints
while preserving low-rank adaptation benefits. Re-
fer to Appendix C.2 for the results and analysis of
Llama structure.

4.4 The relationships among tasks on Longer
benchmarks

We employ the violin plot to visualize the similarity
coefficient wattr between the new task and histor-
ical tasks, as proposed in Eq.(13), analyzing their
inter-task correlations and mutual influences.

Figure 4 presents the cross-task correlation co-
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Figure 5: ASO-LoRA vs. O-LoRA on standard CL benchmarks using metrics FM and FWT. Lower FM values
indicate stronger resistance to catastrophic forgetting and better knowledge retention capabilities, while higher FWT
values demonstrate more effective utilization of prior knowledge and superior knowledge transfer.

efficients between new and historical tasks under
Order4. Task Cb exhibits a strong correlation with
the preceding task MNLI. Since both tasks belong
to the Natural Language Inference (NLI) category
within the GLUE benchmark, this finding aligns
with our hypothesis. Likewise, the high similar-
ity between the tasks of RTE and BoolQA can be
attributed to their common source from Wikipedia.

4.5 The effect on catastrophic forgetting and
knowledge transfer

To comprehensively evaluate Soft Orthogonality’s
efficacy in mitigating catastrophic forgetting and
facilitating knowledge transfer, we introduce addi-
tional metrics: FM and FWT. These metrics enable
systematic comparison with the mere orthogonal-
constrained strong baseline O-LoRA. Figure 5 re-
veals that ASO-LoRA obviously achieves superior
knowledge transfer over O-LoRA by more effec-
tively leveraging prior task knowledge on all struc-
tures. As the tasks increase, ASO-LoRA exhibits
progressively reduced catastrophic forgetting, ulti-
mately outperforming O-LoRA in long-term knowl-
edge preservation on T5 structure. These substanti-
ate our hypothesis that soft orthogonality offers a
principled solution for balancing knowledge preser-
vation and transfer in CL.

4.6 The trend of Performance in the
Continual learning stages

Longer benchmarks: Figure 6 further dipicts the
Average Accuracy trajectories of ASO-LoRA and
O-LoRA during CL stages on longer benchmarks.
ASO-LoRA demonstrates greater overall stability
and outperforms O-LoRA during longer continual
learning phases. On Order4, although ASO-LoRA
initially lags behind O-LoRA, its ability to miti-
gate catastrophic forgetting becomes increasingly
evident as the number of tasks grows, eventually
surpassing O-LoRA. On Order5, while ASO-LoRA

does not ultimately outperform O-LoRA, it exhibits
a more balanced performance and avoids the sharp
performance drop observed in O-LoRA at epoch 8.
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Figure 6: ASO-LoRA vs. O-LoRA on AA during the
CL stage on CL longer benchmarks, as new tasks arrive
continuously. Each arrival of a new task corresponds
to one epoch of training. The blue line represents the
trend of ASO-LoRA’AA as tasks increment, while the
red line corresponds to that of O-LoRA

5 Conclusion

In this work, we present ASO-LoRA, an innova-
tive continual learning framework that incorpo-
rates Attribution Score-based Soft Orthogonality
for parameter-efficient adaptation. Experimental
results demonstrate that ASO-LoRA outperforms
strong baselines, effectively mitigating catastrophic
forgetting while facilitating robust knowledge trans-
fer across sequential tasks.

18479



Limitations

While ASO-LoRA has demonstrated strong capa-
bilities in continual learning scenarios through em-
pirical evaluation, several limitations warrant dis-
cussion: 1) The observed performance variation
across different Transformer architectures, rais-
ing an open question regarding whether encoder-
decoder frameworks inherently facilitate better
knowledge storage. These phenomena suggest un-
derlying mechanistic differences, requiring further
investigation. 2) The potential negative impacts of
task overlap need to be further explored. 3) The
performance degradation observed in longer bench-
marks remains a significant challenge for scaling
to more complex real-world applications, such as
hundreds of tasks.

We aim to address these limitations in future
work to further enhance our method’s performance
in continual learning scenarios.
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A Related works

A.1 Continual learning in LLMs

Continual learning in LLMs refers to the paradigm
where LLMs sequentially acquire new knowledge
from non-stationary data distributions while pre-
serving learned capabilities (Wang et al., 2024a;
Wu et al., 2024), and can be categorized into these
types: Replay-based approach approximates and

recovers old knowledge by storing old training sam-
ples (Chaudhry et al., 2019; Smith et al., 2024),
or extracting information from prior feature rep-
resentations (Zhu et al., 2022; Petit et al., 2023).
Regularization-based approach adds explicit reg-
ularization terms to balance the old and new tasks,
usually requiring storing a frozen copy of the old
model (Kirkpatrick et al., 2017; Zhao et al., 2024c).
Optimization-based approach explicitly designs
the optimization programs to achieve continual
learning (Wang et al., 2022a). Architecture-based
approach investigates dynamic model expansion
(Yao et al., 2023; Han et al., 2025; Qin et al., 2022;
Wang et al., 2025), combined with parameter iso-
lation mechanisms (Wang et al., 2023; Zhao et al.,
2024a) to minimize task interference in sequential
learning scenarios.

A.2 Parameter-Efficient Tuning (PET)

PET has emerged as a resource-efficient approach
for model adaptation (Coleman et al., 2025), aim-
ing to optimize performance while updating only
a small number of trainable parameters to reduce
computational costs. Some works train adapters for
the downstream task while keeping the pre-trained
model parameters frozen (He et al., 2023; Wang
et al., 2022b). Another line of research explores
the integration of trainable tensors, called soft
prompts, into model input representations (Lester
et al., 2021; Liu et al., 2024c). Recently, repa-
rameterization methods such as low-rank adapta-
tions (LoRA) have garnered significant attention
(Hu et al., 2022b; Dettmers et al., 2023; Liu et al.,
2024b). These approaches avoid direct modifica-
tion of original weight matrices, instead updating
parameters through transformation functions oper-
ating on smaller parameter sets.

B Experiemtal setups

B.1 Metrcis

Forgetting measure(FM) is also applied to calculate
the memory stability of models. The forgetting of
a task is calculated by the difference between its
maximum performance obtained in the past and its
current performance:

fj, = max
i∈{1,...,t−1}

(ai,j − at,j), ∀j < t (15)

FM at the t-th task is the average forgetting of
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Table 4: Instructions for different tasks

Task Prompt

NLI
What is the logical relationship between the "sentence 1" and the "sentence 2"?
Choose one from the options.

QQP
Whether the "first sentence" and the "second sentence" have the same meaning?
Choose one from the options.

SC What is the sentiment of the following paragraph? Choose one from the options.
TC What is the topic of the following paragraph? Choose one from the options.

BoolQA
According to the following passage, is the question true or false?
Choose one from the options.

MultiRC According to the following passage and question, is the candidate answer true or false? Choose one from the options.

WiC
Given a word and two sentences, whether the word is used with the same sense in both sentences?
Choose one from the options.

COPA
Given a prompt sentence, a question, and two possible answers, which option is more reasonable to answer the question.
Choose one from two options.

all old tasks:

FMt =
1

t− 1

t−1∑

j=1

fj,t (16)

FWT evaluates the average influence of all old
tasks on the current t-th task:

FWTt =
1

t− 1

t∑

j=2

(aj,j − ãj) (17)

where ãj is the accuracy of a base model trained
with Dj for the j-th task.

B.2 Baselines
We conduct comprehensive comparisons between
our method and 10 baseline models, whose intro-
ductions are detailed as follows:

SeqFT (de Masson D’Autume et al., 2019):
trains all model parameters sequentially across
tasks without employing any regularization or re-
play techniques.

PerTaskFT: trains a separate model for each
task.

Replay (Chaudhry et al., 2019): is fine-tuned on
all parameters with a memory buffer mechanism,
replaying stored prior samples to prevent knowl-
edge forgetting.

EWC (Kirkpatrick et al., 2017): performs full-
model fine-tuning with regularization constraints
designed to preserve parameters critical for previ-
ously learned tasks.

LwF (Li and Hoiem, 2017): constrains the
shared representation layer to be similar to its orig-
inal state before learning new tasks.

L2P (Wang et al., 2022c): dynamically selects
and updates prompts from the pool in an instance-
wise manner based on input characteristics.

LFPT5 (Qin and Joty, 2021): implements con-
tinuous soft prompt training for direct task solution
and training sample generation.

SeqLoRA: trains the fixed-size LoRA parame-
ters on a sequence of tasks without any regulariza-
tion or replaying techniques.

IncLoRA: sequentially acquires a series of new
tasks through incremental LoRA parameter expan-
sion, without any regularization or replaying tech-
niques.

MOCL (Wang et al., 2024c): continually adds
new trainable PEFT parameters (LoRA) to lan-
guage models and composes them with existing
modules.

MoELoRA (Luo et al., 2024): considers LoRA
as a Mixture of Experts, harnessing the collective
modeling capacity of multiple experts to handle dif-
ferent domains while retaining LoRA’s parameter-
efficient characteristics.

O-LoRA (Wang et al., 2023): learns new tasks in
different vector subspaces (low-rank) that are kept
orthogonal to each other to prevent catastrophic
forgetting.

B.3 Task details

We list the sequences of tasks used in our experi-
ments in Table 5, while Table 4 provides represen-
tative task instruction templates.

B.4 Comparison with CL methods

In Table 6, we compare ASO-LoRA with common
CL methods. Our approach shows four distinct ad-
vantages: rehearsal-free, parameter-efficient, task-
id-available, and knowledge-transferable.
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Figure 7: ASO-LoRA vs. O-LoRA on Average Accuracy (AA) during the CL stage on CL standard benchmarks
(T5 structure), as new tasks arrive continuously. Each arrival of a new task corresponds to one epoch of training.
The blue line represents the trend of ASO-LoRA’AA as tasks increment, while the red line corresponds to that of
O-LoRA.

Table 5: Six different orders of task sequences used
for continual learning experiments. These orders are
following Wang et al. (2023) and Razdaibiedina et al.
(2023)’s works.

Order Task Sequence

1 dbpedia→amazon→yahoo→ag

2 dbpedia→amazon→ag→yahoo

3 yahoo→amazon→ag→dbpedia

4
mnli → cb → wic → copa → qqp →
boolqa → rte → imdb → yelp → amazon
→ sst-2 → dbpedia → ag → multirc → yahoo

5
multirc → boolqa → wic → mnli → cb →
copa → qqp → rte → imdb → sst-2 →
dbpedia → ag → yelp → amazon → yahoo

6
yelp → amazon → mnli → cb → copa →
qqp → rte → imdb → sst-2 → dbpedia
→ ag → yahoo → multirc → boolqa → wic

C Supplementary Experiments

C.1 Performance on other Transformer-based
structures

To further validate the generalizability of ASO-
LoRA across Transformer-based architectures,
we extend our experiments on the decoder-only
LLaMA-7B model using Longer CL benchmarks.
As evidenced in Table 7, ASO-LoRA achieves
significantly superior performance, with an aver-
age accuracy improvement of 5.4% compared to
O-LoRA. These experimental results further con-
firm the plug-and-play adaptability of ASO-LoRA,
demonstrating its broad applicability across vari-
ous Transformer-based models in more complex
continual learning scenarios.

Table 6: The comparison between ASO-LoRA and other
continual learning methods. Specifically, RF indicates
whether the method is rehearsal-free. PE indicates
whether the method is parameter efficient. TIF indi-
cates whether task identify is available during inference.
KT indicates whether the method enables knowledge
transfer.

Method RF PE TIF KT

EWC (Kirkpatrick et al., 2017) ✓ ✓ ✓
LwF (Li and Hoiem, 2017) ✓ ✓
L2P (Wang et al., 2022c) ✓ ✓ ✓

LFPT5 (Qin and Joty, 2021) ✓ ✓ ✓
MoELoRA (Luo et al., 2024) ✓ ✓
O-LoRA (Wang et al., 2023) ✓ ✓ ✓

ASO-LoRA ✓ ✓ ✓ ✓

Table 7: The main AA results on Longer benchmarks
with the Llama-7B model, after training on the last task.

Model Longer benchmarks
Order-4 Order-5 Order-6 Avg.

SeqLoRA 0 11.9 9.0 6.9
IncLoRA 26.8 28.3 36.2 30.4
O-LoRA 46.4 61.9 58.1 55.5
ASO-LoRA 59.1 64.5 59.2 60.9

C.2 The impact of Soft Orthogonality on
Llama structure

We further analyze the task-specific performance
of the final model on the LLaMA architecture after
completing all training tasks, as detailed in Table 8.
ASO-LoRA outperforms other baselines on almost
all individual tasks, proving that our soft orthogo-
nality can generally leverage the inter-task knowl-
edge and potential knowledge transfer on broader
structures.
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Figure 8: ASO-LoRA vs. O-LoRA on training loss during the CL stage on CL longer benchmarks, as new tasks
arrive continuously. Each arrival of a new task corresponds to one epoch of training. The blue line represents the
trend of ASO-LoRA’s training loss, while the red line corresponds to that of O-LoRA.

Table 8: The results on individual tasks after completing
training on the final task with Llama, across Order 1,
Order 2, and Order 3. The left-to-right ordering of
benchmarks corresponds to the task training order.

Model CL benchmarks per-task results

Order1

Sequences Dbpedia Amazon Yahoo Ag
IncLoRA 8.7 0.0 31.4 90.7
O-LoRA 96.3 41.6 66.1 90.9
ASO-LoRA 98.3 56.3 65.7 80.0

Order2

Sequences Dbpedia Amazon Ag Yahoo
IncLoRA 52.2 23.5 51.5 69.4
O-LoRA 97.8 45.4 89.0 67.9
ASO-LoRA 97.9 51.3 78.9 70.6

Order3

Sequences Yahoo Amazon Ag Dbpedia
IncLoRA 4.7 26.2 12.6 98.5
O-LoRA 64.0 61.1 82.4 98.6
ASO-LoRA 69.4 58.2 86.0 98.9

C.3 The impact of Soft Orthogonality on
Generalization Ability of LLMs

Following the experimental setup of Wang et al.
(2023), we investigate the impact of ASO-LoRA
on the generative performance of LLMs in contin-
ual learning scenarios. We fine-tune LLaMA-7B
using the Alpaca dataset (Taori et al., 2023) and
subsequently evaluate the model on the MMLU
benchmark (Hendrycks et al., 2020). As shown in
Table 9, ASO-LoRA achieves an average accuracy
of 34.5%, which is a 0.9% improvement compared
to O-LoRA without soft orthogonal fine-tuning,
demonstrating its efficacy in preserving generative
capabilities for unknown tasks.

C.4 The correlation between task similarity
and CL performance

To validate that the relaxation of orthogonality in-
duced by increased task similarity enhances perfor-
mance in CL, we evaluate the correlation between
task similarity and CL performance using the T5

Table 9: The performance of different CL methods
applied to the LLaMA-7B model fine-tuning with LoRA
using the Alpaca dataset. These methods are evaluated
on MMLU(zero-shot).

Method MMLU

Llama-7B 34.4
Llama-7B(w/ LoRA) 37.5

Llama-7B(w/ LoRA & CL) 23.3
O-LoRA(w/ LoRA & CL) 33.6

ASO-LoRA(w/ LoRA & CL) 34.5

model on both CL and longer benchmarks.

Table 10: The Pearson correlation between task simi-
larity and CL performance.

Correlation
CL

benchmarks
Longer

benchmarks
Pearson Coefficient(r) 0.94 0.74

P-value 0.20 0.002

As illustrated in the Table 10, a clear positive
correlation is observed. This suggests that mod-
erate overlap between task-specific subspaces fa-
cilitates effective knowledge transfer, thereby en-
hancing overall CL performance. As the task se-
quence lengthens, the representation spaces of indi-
vidual tasks exhibit increasingly complex interac-
tions, leading to a slight reduction in the correlation
coefficients. This trend aligns with our expectation,
reflecting the inherent difficulty of managing inter-
task interference in long-term CL.
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Figure 9: ASO-LoRA vs. O-LoRA on Order4 using metrics FWT and FM. Higher FWT values demonstrate
more effective utilization of prior knowledge and superior knowledge transfer. Lower FM values indicate stronger
resistance to catastrophic forgetting and better knowledge retention capabilities.

D Visualization

D.1 The relationships among tasks on Longer
benchmarks

We employ the violin plot to visualize the similarity
coefficient wattr between the new task and histor-
ical tasks, as proposed in Eq.(13), analyzing their
inter-task correlations and mutual influences.

As illustrated in Figure 10, the higher similarity
coefficient between Task Ag News and historical
tasks indicates a positive influence of Ag News
on earlier tasks. As evidenced in Table 3, ASO-
LoRA obviously achieves a 21.8% performance
improvement on Task Ag’s previous task Amazon
compared to O-LoRA. These results demonstrate
that Soft Orthogonality productively leverages pre-
viously acquired task knowledge and effectively
facilitates knowledge transfer.

Figure 10: The Violin Plot ofwattr on T5-large, display-
ing the distribution of similarity coefficient wattr across
different tasks during the training stages. Central white
dot represents the median or mean of the data, while a
wider section indicates higher data density (more points
near that value).
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D.2 The trend of Performance in the
Continual learning stages

Standard CL benchmarks: As shown in Figure 7,
we compare Average Accuracy trajectories of ASO-
LoRA and O-LoRA during CL stages on standard
CL benchmarks. Throughout the whole CL stages,
ASO-LoRA exhibits consistent performance and
generally outperforms O-LoRA in overall results.
This further demonstrates that soft orthogonality
between LoRA blocks corresponding to different
tasks generally enhances the expression of related
knowledge, while also achieving a favorable bal-
ance between mitigating catastrophic forgetting
and facilitating knowledge transfer.

We also investigate the training loss trajectories
of ASO-LoRA and O-LoRA during CL stages on
longer benchmarks, depicted in Figure 8. While fol-
lowing the same overall trend, ASO-LoRA exhibits
lower and more stable training loss than O-LoRA,
further reinforcing the suitability of ASO-LoRA
for continual learning scenarios.

D.3 The effect on catastrophic forgetting and
knowledge transfer

To further comprehensively evaluate Soft Orthogo-
nality’s efficacy in mitigating catastrophic forget-
ting and facilitating knowledge transfer, we demon-
strate the FM and FWT results of ASO-LoRA and
O-LoRA on longer benchmarks.

Figure 9(a) reveals that ASO-LoRA more ef-
fectively leverages knowledge from previous tasks
even in more complex continual learning scenarios,
achieving significantly superior knowledge trans-
fer over O-LoRA across all stages. These results
confirm the advantage of our method in knowledge
transfer.

As illustrated in Figure 9(b), as the number of
tasks increases, ASO-LoRA outperforms O-LoRA
in mitigating knowledge forgetting while preserv-
ing acquired knowledge across most stages. How-
ever, in the final two stages, O-LoRA exhibits less
knowledge forgetting than ASO-LoRA. These find-
ings indicate that striking an optimal balance be-
tween knowledge transfer and knowledge retention
remains an issue worthy of further investigation.

E Usage of AI Assistants

We appreciate the assistance provided by GPT-4
(Achiam et al., 2023b) in writing aid and sentence-
level polishing.
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