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Abstract

Multilingual continual learning (MCL) is cru-
cial for enabling language models to adapt
across diverse linguistic environments while re-
taining knowledge over time. Existing parame-
ter isolation methods allocate language-specific
modules but fail to leverage cross-lingual trans-
fer, leading to inefficient parameter growth and
poor generalization. Model merging based ap-
proaches suffer from severe performance degra-
dation as the number of language-specific tasks
increases, due to interference between linguis-
tic and task-specific knowledge. To address
these challenges, we propose Group-Merger,
a framework that employs group-wise merging
to balance parameter efficiency and continual
learning performance. Our framework miti-
gates catastrophic forgetting across languages
while enabling knowledge transfer. Extensive
experiments on multilingual evaluation bench-
marks demonstrate superior performance com-
pared to existing methods.

1 Introduction

Recent advances in large language models (LLMs)
have achieved remarkable performance across mul-
tilingual NLP tasks by leveraging large-scale cross-
lingual data (Conneau and Lample, 2019; Xue
et al., 2021; Dubey et al., 2024; Yang et al., 2025).
However, real-world language environments are
dynamic and multilingual, requiring LLMs to con-
tinually adapt to new languages and tasks with-
out forgetting previously acquired knowledge (Shi
et al., 2024; Wu et al., 2024). Therefore, it is vital
to empower LLMs with the capability of continual
learning in multilingual scenarios (Wu et al., 2022).

A direct solution is joint training on mixed mul-
tilingual data (Rolnick et al., 2019), but this is im-
practical due to the prohibitive cost of repeatedly
processing large-scale LLMs pretraining data (Hadi
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Figure 1: The difference between traditional parameter
isolation methods and Group-Merger.

et al., 2023). Instead, multilingual continual learn-
ing (MCL) demands rehearsal-free methods that en-
able LLMs to acquire new languages or tasks while
preserving prior knowledge without storing past
data (Wu et al., 2022). Parameter isolation meth-
ods such as Low-Rank Adaptation (LoRA) (Hu
et al., 2021) address catastrophic forgetting by
freezing pre-trained weights and allocating task-
specific modules (Figure 1). However, these meth-
ods suffer from two critical limitations in multi-
lingual settings: (1) Parameter explosion. This
approach requires assigning specific parameters to
each individual task and language, which results
in a rapid increase of parameters as the number
of tasks and languages scale. (2) Module inde-
pendence. Since the module for each new task is
independently adapted, conventional approaches
primarily focus on knowledge transfer between
the original model and individual task modules,
while overlooking the impact of parameter sharing
across different new tasks (Wang et al., 2023b). In
addition, the multilingual scenario struggles with
cross-lingual interference, where knowledge ac-
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quisition in one language may negatively impact
performance in another.

This naturally raises the question of “Can we
achieve a better trade-off between parameter ex-
pansion and model performance?”. Existing ap-
proaches fail to leverage previously learned mod-
ules in a rehearsal-free manner (Zhang et al., 2022).
To address this issue, we propose Group-Merger,
a merging-based MCL framework that can merge
multiple language-specific modules into a single
one with minimal cross-lingual interference. In
particular, our framework dynamically groups and
merges task-specific LoRA modules during the con-
tinual training process, enabling more efficient pa-
rameter utilization. Moreover, to alleviate the issue
of task interference during merging, we introduce
group-level task-aware orthogonal training, aiming
to keep the current LoRA orthogonal with dissim-
ilar task modules while alleviating orthogonality
constraints for similar tasks, thereby implicitly fa-
cilitating knowledge transfer.

To sum up, our contributions are as follows:

• We propose a novel parameter-efficient MCL
framework, Group-Merger, which achieves
a better trade-off in parameter expansion and
continual learning performance across diverse
MCL benchmarks and model architectures.

• We propose a group-level task-aware orthog-
onal training approach, which addresses the
limitation of insufficient model plasticity in
vanilla LoRA as the number of learned tasks
increases, enhancing knowledge transfer abili-
ties.

• Extensive experimental results on multilin-
gual benchmarks demonstrate that Group-
Merger effectively mitigates catastrophic for-
getting across languages while significantly
improving cross-lingual knowledge transfer
capabilities.

2 Related Works

2.1 Continual Learning
Continual learning focuses on overcoming the prob-
lem of catastrophic forgetting in streaming data
scenarios. Existing continual learning methods can
be categorized into the following three types:

Regularization-based. These approaches incor-
porate regularization terms into the loss function to
prevent large updates to important parameters from

previous tasks. Representative methods include
EWC (Kirkpatrick et al., 2017) and LwF (Li and
Hoiem, 2017).

Replay-based. These methods aim to combine
knowledge from previous tasks with the current
task to mitigate catastrophic forgetting. Old knowl-
edge can be preserved by saving historical train-
ing samples (Chaudhry et al., 2019), generating
pseudo-samples (Sun et al., 2019; Zhao et al.,
2024), or using knowledge distillation (Li and
Hoiem, 2017; Rebuffi et al., 2017).

Architecture-based. Since adjusting parameters
from previous tasks may lead to catastrophic for-
getting, these methods propose using different pa-
rameters for each task. The parameters for new
tasks can either come from parts of the original
network that do not overlap with the parameters of
previous tasks or from newly introduced parameter
modules (Wang et al., 2023b; Razdaibiedina et al.,
2023; Wang et al., 2023a; Zhao et al., 2024).

2.2 Model Merging

Model merging seeks to effectively combine multi-
ple fine-tuned models or Parameter-Efficient Fine-
Tuning (PEFT) modules into a unified one that
preserves the individual strengths of each (Yang
et al., 2024). Therefore, merging multiple PEFT
modules can be viewed as a strategy to mitigate
catastrophic forgetting. Chitale et al. (2023) lever-
age task arithmetic (Ilharco et al., 2022) to merge
all task-specific LoRA modules and fine-tune with
small memory data. DAM (Cheng et al., 2024)
introduces a dynamic merging method during in-
ference for VQA domain incremental learning. O-
LoRA (Wang et al., 2023a) constrains all tasks
learned in distinct vector subspaces, ensuring that
they remain orthogonal to each other to minimize
interference when merging all task-specific mod-
ules. Existing methods either overlook the inter-
ference caused by merging or fail to account for
knowledge transfer in similar tasks. In this work,
we simultaneously address both of these limita-
tions.

3 Preliminaries

3.1 Multilingual Continual Learning
Formalization

Assume a sequence of T tasks arriving over time,
where each task t is associated with an independent
dataset Dt = {(xti, yti)}Nt

i=1. The model is required
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Figure 2: An overview of Group-Merger framework. The illustration demonstrates the process of training task 1 to
task t on sequentially arriving multilingual datasets{D1, D2, ..., Dt}: We first partition t tasks into k groups, where
each group has a single LoRA module that can handle n tasks at most. For the k-th group, we progressively train
LoRA module with group-level task-aware orthogonal training to learn the task t in group Gk. When the number
of LoRA modules reaches the group’s capacity limit, we employ svd-based merging to merge all LoRA modules in
group Gk into a single one, avoiding parameter expansion.

to learn these tasks sequentially, and at time step
t, it can only access the current dataset Dt, with
no access to data from previous tasks. During the
inference phase, test samples are randomly drawn
from the D1:T with their corresponding task identi-
ties (i.e., the task-id is available).

3.2 LoRA Module

LoRA (Hu et al., 2021) is a representative
parameter-efficient fine-tuning technique that intro-
duces two low-rank matrices into PLMs to enable
efficient fine-tuning. In continual learning scenar-
ios, different LoRA parameters can be assigned to
each task, achieving continual learning through pa-
rameter isolation. When the model needs to learn
a new task t, LoRA introduces two low-rank ma-
trices At ∈ Rd×r and Bt ∈ Rr×d, to the projec-
tion matrix W ∈ Rd×d in the self-attention layer,
transforming the original model’s forward pass into
h = xtW + xtAtBt. During training, the original
parameters of the pre-trained model remain fixed,
and only the introduced matrices At and Bt are
adjusted. After training, the LoRA parameters cor-
responding to each task are saved and used during
the inference phase to combine with the original
PLM.

4 Methods

4.1 Group-Merger Framework

To address the issue of rapid parameter expansion
in traditional PEFT-based continual learning ap-
proaches, we propose the Group-Merger frame-
work, as illustrated in Figure 2 and Algorithm
1. Group-Merger mitigates parameter expansion

through model merging while effectively prevent-
ing catastrophic forgetting caused by parameter
conflicts during merging via orthogonal training.
Assume that task-specific datasets arrive in se-
quence, denoted as {D1, D2, ..., DT }. We parti-
tion T tasks into k groups {G1, G2, ..., Gk}, where
each group Gi can handle n tasks by adding LoRA
module incrementally. When the number of tasks
in Gi reaches its capacity limit n, we perform a
model merging operation to reduce parameter stor-
age overhead.

4.2 Group-Level Task-Aware Orthogonal
Training

Simply merging all modules would lead to param-
eter interference, consequently resulting in perfor-
mance degradation. Existing works in model merg-
ing have demonstrated that parameter orthogonal-
ity significantly mitigate the interference (Ilharco
et al., 2022). Specifically, if ∆Wi = AiBi and
∆Wj = AjBj are orthogonal, they satisfy the fol-
lowing condition:

⟨∆Wi,∆Wj⟩ = Tr[∆W⊤
i ∆Wj ] (1)

= Tr[B⊤
i A

⊤
i AjBj ]

= 0

We can apply constraints to the matrix product
A⊤

i Aj ≈ 0, then ⟨∆Wi,∆Wj⟩ ≈ 0 and the
interference can be effectively minimized when
merged. O-LoRA (Wang et al., 2023a) simply
keeps the current At orthogonal with all previous
tasks Ai(i < t), which would hinder the learn-
ing of current task when the number of tasks is
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Algorithm 1 Group-Merger Training Procedure

1: Input: Task-specific datasets {Di}Ti=1, model
f , Pre-trained Language model f , maximum
group size n, upper and lower bounds of or-
thogonal intensity λ2, λ1

2: Output: LoRA parameters for ⌈Tn ⌉ groups:

{(A′
i, B

′
i)}

⌈T
n
⌉

i=1

3: for t = 1 to T do
4: Compute group index k for current task t

k = ⌈ t
n⌉

5: Compute µt using Eq.(2)
6: All groups parameter set S = {}
7: for mini-batch (xt, yt) ∈ Dt do
8: Forward pass using Eq.(7)
9: Compute task loss and orthogonal loss

using Eq.(8)
10: end for
11: Add task t to Gk

12: if |Gk| == n then
13: Merge all LoRA modules in Gk using

Eq.(9)
14: Perform SVD to obtain (A′

k, B
′
k) by

Eq.(10), Eq.(11)
15: Add (A′

k, B
′
k) into S

16: end if
17: Return S
18: end for

large. To address this issue, we propose Group-
level Orthogonal Training. For task t in group
Gk = {t − |Gk| + 1, t − |Gk| + 2, ..., t}, we
only apply the orthogonal constraints in the same
group, which improves the model’s plasticity as the
number of learning tasks increases. Additionally,
orthogonality can hinder the knowledge transfer
when a new task t is similar to some old tasks (Lin
et al., 2022). We employ a pre-trained sentence em-
bedding model f , to generate task-specific embed-
dings µt ∈ Rd for each dataset Dt using Eq. (2).

µi =
1

|Di|
∑

x∈Di

f(x) (2)

The embedding of the current task µt is utilized
to compute its similarity with previously learned
tasks in group k, i.e. i ∈ Gk \ {t}. Suppose the
Gk contains n− 1 previous tasks, we compute the
cosine similarity between the new task t and each
existing task in Gk, resulting in n − 1 similarity
scores denoted as st,1, st,2, ..., st,n−1. These sim-
ilarity scores are then normalized to the interval

[λ1, λ2] using Min-Max Normalization to obtain
the final orthogonal constraint coefficients, where
λ1 and λ2 represent predefined hyperparameters.
The computational procedure can be mathemati-
cally formulated using Eqs. (3), (4) and (5).

minGk
= min

(i,j)∈Gk

(
1

cos(µi, µj)
) (3)

maxGk
= max

(i,j)∈Gk

(
1

cos(µi, µj)
) (4)

α(µi, µj , Gk) = λ1+
1

cos(µi,µj)
−minGk

maxGk
−minGk

(λ2 − λ1) (5)

Finally, our orthogonal regularization loss function
is mathematically expressed in Eq. (6).

Lorth(i, j, Gk) = α(µi, µj , Gk)||AiA
T
j || (6)

4.3 Previous Modules Incorporation
For better knowledge transfer across groups, we in-
corporate the LoRA modules from previous groups
{Gj}k−1

j=1 into the forward propagation. The for-
ward propagation can be formally expressed as fol-
lows:

f(x; θ) = xW+
∑

i∈Gk

xAiBi+
∑

i∈{Gj}k−1
j=1

xA′
iB

′
i (7)

The final orthogonal regularization term is de-
scribed as Eq.(6) and the training objective is
formulated as Eq.(8). Among all parameters θ,
only the current task-specific parameters At, Bt

are trainable.
∑

x,y∈Dt

log pθ(y|x) +
∑

i∈Gk\{t}
Lorth(i, t, Gk) (8)

After learning all task, we perform a SVD-based
merging to reduce parameter storage overhead

∆W k
merge =

∑

i∈Gk

AiBi (9)

Specifically, we employ Singular Value Decom-
position (SVD) on the ∆W k

merge. We first
apply SVD to the ∆W k

merge, i.e.,∆W k
merge =

UkΛkV
⊤
k , where Uk = [uk,1, uk,2, ...,uk,d], Vk =

[vk,1, vk,2, ..., vk,d] and Λk ∈ Rd×d is a diag-
onal matrix with non-negative singular values
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{σk,1, σk,2, ..., σk,d}. We use r-rank matrix approx-
imation to derive the final A′

k and B′
k matrices.

A′
k = [uk,1, uk,2, ...,uk,r] (10)

B′
k =diag({σk,1, σk,2, ..., σk,r})

[vk,1, vk,2, ..., vk,r]⊤
(11)

5 Experiments

5.1 Datasets
We evaluate our framework on two widely-used
multilingual benchmark datasets: Cross-lingual
Natural Language Inference (XNLI) (Conneau
et al., 2018) and Multilingual Question Answering
(MLQA) (Lewis et al., 2019). XNLI is a widely
used benchmark for evaluating the cross-lingual
transfer capabilities of natural language understand-
ing. MLQA is designed to evaluate the perfor-
mance of question answering (QA) models across
multiple languages. For the XNLI benchmark, we
use 8 different language datasets, which include En-
glish, German, Greek, Arabic, Swahili, Urdu, Viet-
namese and Chinese. For the MLQA benchmark,
we use Arabic, German, Spanish, Hindi, Viet-
namese, English. We randomly sampled 10,000
instances per language for training. The continual
learning task orders are listed in Table 1.

Benchmark Task Sequence

XNLI en → de → el → ar → sw → ur → vi → zh
MLQA ar → de → es → hi → vi → en

Table 1: Task sequence orders used in the continual
learning experiments.

5.2 Baselines
We compare our method with various representa-
tive baselines in continual learning. The baselines
are as follows:

• SeqFT: refers to the method of fine-tuning all
parameters sequentially.

• SeqLoRA: finetunes a single LoRA module
sequentially.

• Replay: combines real samples to mitigate
catastrophic forgetting when learning a new
task.

• EWC (Kirkpatrick et al., 2017): adds regular-
ization to the loss function to prevent signifi-
cant changes to important parameters of old
tasks when learning new tasks.

• O-LoRA (Wang et al., 2023a): trains LoRA
module for each task and keeps them orthogo-
nal.

• TA-LoRA (Chitale et al., 2023): trains a lora
module for each task and use Task Arithmetic
to merge them.

• PerTask-LoRA: trains a lora for each task and
use the oracle one during inference.

• MTL: indicates that training the model on all
task datasets simultaneously typically serves
as the performance upper bound for continual
learning.

5.3 Implementation Details

All experiments in this study are implemented
based on the HuggingFace Transformers li-
brary (Wolf et al., 2020). We adopt the Llama3
(3B and 8B) (Dubey et al., 2024) and Qwen3 (1.7B
and 8B) (Team, 2025) as the backbone architecture
across all experiments. For model optimization,
we employ the AdamW optimizer(β1 = 0.9, β2 =
0.999) (Loshchilov, 2017) with mixed-precision
training using bfloat16 format. The training config-
uration includes a learning rate of 1e-3 with cosine
learning rate scheduler over 5 epochs, a batch size
of 64, and a maximum sequence length of 512 to-
kens. For the LoRA configuration, we set the rank
to 32 and alpha to 64. The orthogonal regulariza-
tion parameters are set to λ1 = 0.01, λ2 = 0.5 for
the XNLI benchmark, while λ1 = 0.01, λ2 = 0.1
are used for the MLQA benchmark. All models are
trained on NVIDIA A100 GPUs.

5.4 Metrics

Average Performance (AP). AP measures the
model’s overall performance after training all tasks.
AP =

∑T
i=1Ai,T , where Ai,j denotes the model

performance on task j after learning i tasks. We
evaluate model performance using exact match ac-
curacy on the XNLI benchmark and F1 score on
the MLQA benchmark (Rajpurkar et al., 2016).

Forward Transfer (FT). FT quantifies the
extent to which learning a previous task im-
proves performance on a new task, reflecting
the model’s ability to leverage prior knowledge.
FT = 1

T

∑T
i=1Ai,i −A0,i.

Forget Rate (FR). FR measures the degree
of catastrophic forgetting in continual learning
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Method XNLI MLQA
AP↑ FR↓ FT↑ #TP↓ #EM↓ AP↑ FR↓ FT↑ #TP↓ #EM↓

SeqFT 37.61 42.8 0.10 3.21B 0 44.58 21.45 0.15 3.21B 0
Replay 58.73 18.65 0.12 3.21B 0 57.02 6.07 -0.22 3.21B 0
EWC 57.28 18.97 -1.18 3.21B 0 55.9 7.41 -0.14 3.21B 0
TA-LoRA 71.18 2.56 -2.21 12.85M 1 59.64 2.42 -0.64 12.85M 1
O-LoRA 72.37 0.78 -2.36 12.85M 1 62.69 0.66 -0.54 12.85M 1
PerTask-LoRA 72.48 0.0 -2.57 12.85M 8 61.90 0.0 -0.81 12.85M 6
GM-LoRA (Ours) 74.23 1.51 0.27 12.85M 2 62.71 0.47 0.44 12.85M 2

MTL(upperbound) 78.59 - - 3.21B - 64.28 - - 3.21B -

Table 2: The overall results on XNLI and MLQA benchmark with Llama-3B model. Performance of continual
learning (AP), forget rate (FR) and forward transfer (FT) are reported after training on the last task.

scenarios. F = 1
T−1

∑T−1
t=1 maxT−1

i=1 (ai,t)− aT,t.

Trainable Parameter (#TP). Trainable Param-
eter is used to measure the number of trainable
parameters when learning a new task.

Extra Modules (#EM). EM is used to measure
the number of task-specific modules that need to
be stored at inference time. In our framework, the
relationship between group size and extra modules
can be mathematically expressed as #EM = ⌈Tn ⌉,
where n represents the group size. For a clearer
comparison of the number of additional modules,
we exclude the scenario where LoRA is merged
into the original parameters.

6 Experiments

6.1 Overall Results
Group-Merger framework achieves best perfor-
mance across both XNLI and MLQA bench-
mark. Table 2 presents a comprehensive com-
parison between our method and existing state-of-
the-art continual learning methods on XNLI and
MLQA benchmark respectively. The experimental
results show that Group-Merger achieves improve-
ments of 1.75% and 0.02% in average performance
on XNLI and MLQA datasets, respectively. Com-
pared to other continual learning methods based on
LoRA, our method demonstrates superior perfor-
mance in terms of both AP and FT, which demon-
strates that our method can effectively leverage his-
torical information to facilitate the learning of new
tasks. Moreover, our approach eliminates the need
for replaying any historical data, thereby signifi-
cantly enhancing the efficiency of continual learn-
ing.

Group-Merger is more efficient in terms of train-
able parameters and extra modules. The LoRA-
based training paradigm significantly reduces the
trainable parameters while adapting to a new task.
The Group-Merger further reduces the parame-
ter storage requirements during the inference. O-
LoRA does not require storing extra parameters
during inference, but a critical limitation is that
the merging process disables its ability for further
continual learning.

6.2 Ablation Studies

Effects of Orthogonal Training. Orthogonal
training plays a crucial role in our continual
learning framework. It enforces the parameter
subspaces learned by different tasks to remain
orthogonal by applying orthogonal constraints in
the loss function, thereby effectively mitigating
parameter interference during model merging.
Furthermore, our design takes into account the
linguistic similarities across different languages,
which allows for adaptive adjustment of the orthog-
onal coefficients to facilitate knowledge transfer
between similar tasks. The upper part of Table 3
presents the results with and without orthogonal
training, demonstrating its significant impact on
model performance. Compared to the “ORTH”
baseline, the Task-Aware ORTH (TA-ORTH)
demonstrates superior performance, which not
only preserves task-specific knowledge but also
enables more effective cross-task knowledge
transfer.

Effects of Incorporating Previous Modules.
Our framework incorporates a novel forward
propagation that leverages previous modules
when learning a new task, thereby facilitating
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ORTH TA-ORTH IPM #EM XNLI MLQA
AP↑ FR↓ FT↑ AP↑ FR↓ FT↑

Effects of Orthogonal Training

✕ ✓ ✓ 2 74.23 1.51 0.27 62.71 0.47 0.44
✓ ✕ ✓ 2 73.66 1.4 -1.40 61.40 0.61 -0.39
✕ ✕ ✓ 2 70.68 3.89 -0.97 58.29 5.36 0.45

Effects of Incorporating Previous Modules

✕ ✓ ✓ 2 74.23 1.51 0.27 62.71 0.47 0.44
✕ ✓ ✕ 2 63.68 11.82 -0.34 58.21 4.86 -0.05

Effects of Different Group Size

✕ ✓ ✓ 1 72.25 3.2 0.14 62.45 0.72 0.12
✕ ✓ ✓ 2 74.23 1.51 0.27 62.71 0.47 0.44
✕ ✓ ✓ 3 76.52 0.64 1.93 63.03 0.29 0.26

Table 3: The ablation study results on XNLI and MLQA benchmark with Llama-3B model. “ORTH”, “TA-ORTH”,
“IPM” represent the orthogonal regularization, task-aware orthogonal regularization and incorporating previous
modules, which are introduced in Group-Merger framework.

effective knowledge transfer from old to new tasks.
As demonstrated in the middle part of Table 3,
we compare the performance with and without
incorporating previous modules. The results
demonstrate that incorporating previous modules
when learning a new task significantly improves
the FT metric.

Effects of Different Group Size. The relation-
ship between the number of extra modules#EM
and group size n follows the equation #EM =
⌈Tn ⌉, where T denotes the total number of tasks.
This formulation provides a flexible trade-off be-
tween storage overhead and model performance
across diverse continual learning scenarios. As
shown in the lower part of Table 3, smaller group
size yields superior performance, while larger
group size trades marginal performance degrada-
tion for reduced storage overhead. This flexible
design enables effective adaptation to diverse con-
tinual learning scenarios.

6.3 Comparison of Merging Methods

Merging all parameters in the same group is a cru-
cial step for reducing extra parameters storage. We
include the following merging methods:

• Weight Average (Wortsman et al., 2022): a
baseline method that combines models by tak-
ing their mean.

Method↓ XNLI MLQA

Group Size−→ n = 2 n = 3 n = 6 n = 2 n = 3 n = 8

Weight Average 63.65 56.83 57.72 62.94 61.09 60.27
Task Arithmetic 51.87 57.01 64.18 59.09 61.39 60.65
Ties-Merging 68.59 68.79 61.57 63.05 62.37 62.16
Ours 77.05 74.70 73.33 63.28 62.71 62.54

Table 4: The results of different model merging ap-
proaches on average performance across varying group
size n.

• Task Arithmetic (Ilharco et al., 2022): uses
the same weight λ to merge models.

• Ties-Merging (Yadav et al., 2023): mitigates
conflicts during model merging by employing
parameter pruning and directional alignment.

• Ours: computes orthogonality scores for each
module based on task similarity during train-
ing.

The results in Table 4 demonstrate that optimizing
orthogonality during training yields superior merg-
ing performance compared to those post-training
optimization merging methods.

6.4 Generalization on Different Model

Table 5 presents the performance of models with
varying sizes and architectures under the Group-
Merger framework. Our framework demonstrates
consistent effectiveness across models of varying
sizes and architectures. Moreover, we observe that
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Model XNLI MLQA

Qwen3-1.7B 73.66 60.31
Llama3-3B 74.23 62.71
Llama3-8B 79.35 64.28
Qwen3-8B 79.43 63.41

Table 5: The results of the XNLI and MLQA bench-
marks with different architectures and parameters. The
#EM is set to 2.

the average performance improves as the model
parameters increase, suggesting better scalability
of our framework.

7 Conclusion

In this paper, we introduce a novel framework
Group-Merger that addresses catastrophic forget-
ting in incrementally learning new languages by
model merging. Extensive experiments demon-
strate that our method outperforms most exist-
ing methods while requiring less storage for extra
language-specific modules, highlighting the effec-
tiveness of model merging in multilingual continual
learning.

Limitations

Although our framework demonstrates outstand-
ing performance in the experiments, there are still
several limitations. Firstly, Group Merger relies
on the design of LoRA to achieve efficient param-
eter orthogonality and model merging, which is
currently not applicable to other PEFT methods.
Future work could explore adapting Group Merger
to alternative PEFT methods. Secondly, our exper-
iments include Natural Language Understanding
and Machine Reading Comprehension, but focus
only on continual learning within the same task
type. Future work should explore more challeng-
ing scenarios involving continual learning across
diverse tasks.
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