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Abstract—As Code Language Models (CLMs) are increasingly
used to automate multilingual code intelligence tasks, Full-
Parameter Fine-Tuning (FPFT) of CLMs has become a widely
adopted approach, which is both time-consuming and resource-
intensive. Parameter-Efficient Fine-Tuning (PEFT) provides a
more efficient alternative to FPFT. However, it struggles to
capture common features shared across languages, leading to
performance degradation. Recent studies have explored mixed-
language training with PEFT to avoid the loss of common
features. However, these methods can result in gradient conflicts
due to the diverse language-specific features, causing suboptimal
performance, particularly for low-resource languages. In this
paper, we propose Mixture-of-Experts Multilingual Low-Rank
Adaptation (MMLoRA) for multilingual code summarization.
MMLoRA addresses gradient conflicts while preserving common
features shared across languages by combining a universal expert
with a set of specialized linguistic experts. Additionally, we
introduce an expert loss function that maintains the diversity
of specialized linguistic experts while balancing the learning
progress. Experimental results indicate that MMLoRA achieves
state-of-the-art performance in multilingual code summarization
while maintaining efficient fine-tuning. The performance im-
provement is particularly significant in low-resource languages
such as Ruby.

Index Terms—Code Summarization, Low-Rank Adaptation,
Mixture-of-Experts

I. INTRODUCTION

Software engineers often face the challenge of handling
multiple programming languages during the design and devel-
opment phases [1], [2]. Multilingual code summarization is
one of the most representative multilingual tasks [3]–[5], aim-
ing to learn common features shared across multiple languages
to enhance the code summarization capabilities, particularly
for low-resource languages [6]. Moreover, multilingual code
summarization facilitates the evaluation of a model’s capability
for multilingual code comprehension through human evalu-
ation [7]–[11], as it requires the model to capture essential
common features of the entire code, including keywords,
syntactic structures, and variable names [12], [13]. However,
traditional approaches [14]–[16] often struggle to capture such
common language features due to the inherent performance
limitations of their base models.

Recently, Code Language Models (CLMs) represented by
CodeGen [17], StarCoder [18], and DeepSeekCoder [19] have
been introduced. Leveraging their extensive world knowledge
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def findNthTerm ( n ) : 

  print ( n * n - n + 1 ) 

N = 4    

findNthTerm ( N )

void findNthTerm ( int n ) { 

  std::cout << n * n - n + 1 << std::endl ; 

}

int main ( ){ 

  int N = 4 ; 

  findNthTerm ( N ) ; 

  return 0 ; 

} C++ Python

calculates and prints the n-th term

(b)Low similarity Code snippets written in C++ and Python

using System; 

class GFG { 

  public static void Main ( ) {

    int N = 3 ; 

    int result = Math.pow (2, N+1) - 2;

    Console.Write(result) ; 

  }

}

class GFG { 

  public static void main (String[ ] args) { 

    int N = 3 ; 

    int result = Math.pow (2, N+1) - 2;

    System.out.print(result) ; 

  } 

}

Java C#

calculates nodes in a perfect binary tree.

(a)High similarity code snippets written in Java and C#

Fig. 1. Two pairs of functionally identical code snippets are provided in
different programming languages. In (a), the code written in Java and C#
demonstrates many common features. In (b), the code snippets written in
C++ and Python each showcase their language-specific features.

and large-scale parameterization, CLMs have demonstrated
remarkable performance across various software engineering
tasks. Although CLMs are designed to generalize across
diverse codebases, they still require fine-tuning to effec-
tively adapt to multilingual code summarization tasks [20].
A straightforward approach to integrating CLMs into mul-
tilingual code summarization is Full-Parameter Fine-Tuning
(FPFT). However, for multilingual tasks, FPFT demands sub-
stantial training time and computational resources to optimize
vast number of model parameters [20], [21], making it chal-
lenging to implement in real-world scenarios.

Parameter-Efficient Fine-Tuning (PEFT) [21] has emerged
as an efficient approach to overcome the limitations of FPFT,
reducing computational costs by training only a small subset
of model parameters while keeping the majority frozen. Low-
Rank Adaptation (LoRA) [22] is one of the most popular
PEFT techniques and has been successfully applied to various
downstream tasks, including software engineering tasks [23]
such as code repair [24] and code generation [25]. Although
LoRA significantly reduces resource overhead compared to
FPFT, maintaining separate LoRA models for a large num-
ber of programming languages can still become resource-
intensive. Moreover, individual LoRA models fail to leverage
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Fig. 2. Different LoRA architectures. (a) is the vanilla LoRA architecture, (b) is the LoRA with MoE architecture that uses a token router, and (c) is the
LoRA with MoE architecture which uses a task router.

the common features that shared across languages, which are
believed to enhance a model’s understanding of the character-
istics inherent to different languages [1], [20]. Consequently,
this may lead to suboptimal performance, particularly for
low-resource languages. For example, Fig. 1(a) shows two
functionally equivalent code snippets written in Java and
C#. Despite being in different languages, they exhibit a high
degree of similarity in terms of variable names, syntax, and
keywords. Such common features shared across Java and C#
enable a programmer proficient in Java to also understand C#.
Furthermore, models need to learn these common features in
order to generate accurate code summarizations.

To learn the common features shared across languages, a
universal LoRA can be used for mixed multilingual train-
ing [1], [20], [26], [27]. However, some studies [28], [29]
indicate that mixed multilingual training can lead to gradient
conflicts [30], [31], as the model produces opposing gradients
when processing different natural languages as input. Such
cases are also common in programming languages. Fig. 1(b)
presents two functionally equivalent code snippets in Python
and C++. Although both snippets achieve the same function-
ality, they differ in indentation style and output formatting.
Besides, when a dataset is dominated by C++ and contains
relatively few Python examples, gradient conflicts can lead the
model to become biased toward the high-resource language.
This bias causes negative knowledge transfer [6], resulting in
suboptimal performance on the low-resource language.

To address these challenges, we propose Mixture-of-Experts
Multilingual Low-Rank Adaptation (MMLoRA) for multilin-
gual code summarization. MMLoRA uses LoRA as the foun-
dation and enhances the model’s ability to deeply understand
multilingual data. Specifically, MMLoRA distinguishes itself
by extending the Mix-of-Experts (MoE) [32]–[38] architecture
through three key aspects, comprising a universal expert, a set
of specialized linguistic experts, and a routing strategy with
an expert loss function. First, a universal expert is introduced
to learn common features shared across multiple languages,
facilitating cross-linguistic knowledge transfer. Meanwhile, we
establish a set of specialized linguistic experts that focus on
capturing language-specific features to mitigate gradient con-
flicts caused by distinct features across languages. Two types
of experts are complementary in MMLoRA. Finally, to better
integrate the universal expert and specialized linguistic experts,

we propose a routing strategy with an expert loss function.
This loss function maintains diversity among the specialized
linguistic experts while ensuring stable and efficient learning.

We evaluate MMLoRA on multilingual code summarization
across two widely adopted multilingual code summarization
datasets [39], [40]. The experimental results indicate that MM-
LoRA effectively learned both common features and language-
specific features, demonstrating strong improvements in low-
resource languages such as Ruby.

The contributions of this paper are as follows:
• We extend the MoE structure by utilizing a universal

expert and a set of specialized linguistic experts. The
universal expert retains common features to enhance un-
derstanding of low-resource languages, while the special-
ized linguistic experts capture language-specific features
to mitigate gradient conflicts.

• We propose an expert loss function that includes a
diversity loss and a balanced loss to ensure differentiation
among specialized linguistic experts while maintaining a
balanced learning pace.

• Based on the pre-trained StarCoderBase and DeepSeek-
Coder models, MMLoRA achieves state-of-the-art results
on the code summarization task while requiring training
on a small percentage of the total parameters. MMLoRA
particularly achieves significant improvements in low-
resource languages such as Ruby, with an average per-
formance increase of 8% compared to vanilla LoRA.

II. BACKGROUND

A. Parameter-Efficient Fine-Tuning

As the parameter scale of CLMs continues to expand, the
cost of fine-tuning all parameters has become increasingly
prohibitive. To address this challenge, Parameter-Efficient
Fine-Tuning methods have been introduced, with popular
approaches including Prefix Tuning [21], Adapter Tuning [41],
Prompt Tuning [42], and LoRA [22]. Prefix-tuning [21] op-
timizes a small set of task-specific vectors to enable effec-
tive task specialization with minimal parameter adjustments.
Adapter Tuning [41] enables fine-tuning by inserting small
trainable neural networks between each layer of the model. In
Prompt Tuning [42], trainable prefix embeddings are added
before the input layer to influence the model’s outputs.

2248



Frozen
Pretrained
Model W

Hidden State x

+

A1

B1

Ae

Be

A2

B2

...

Global Top-K

A

B

Norm Layer

Attention Layer

Norm Layer

FFN Layer

+

+

Embedding

MMLoRA Block

Universal
Expert

Specialized
Linguistic
Experts

Input

Output

C++ Python

Desc1 Desc2

int num = x * x; n = np.array([])

calculate pow create an array

...

...

Transformer Blocks

Fig. 3. Overall architecture of our proposed MMLoRA. The linear layers in the FFN Layers and Attention Layers are replaced by the MMLoRA Block,
which consists of a universal expert and multiple specialized linguistic experts. Each expert functions as a LoRA module.

LoRA [22] adapts to new tasks by integrating trainable low-
rank matrices within the model’s weight matrices. Fig. 2(a)
provides an architecture overview of LoRA, where A and B
are two newly added trainable matrices. LoRA has emerged
as one of the most widely adopted PEFT methods due to
its low complexity, high performance and strong scalability.
Numerous studies have refined LoRA for further efficiency.
For example, DoRA [43] decomposes pre-trained weights
into two components and applies LoRA for directional up-
dates during fine-tuning. Tied-LoRA [44] introduces weight
tying, further reducing the number of trainable parameters.
AdaLoRA [45] employs Singular Value Decomposition to
decompose matrices, allowing for more streamlined updates.
Recent studies [23], [24], [46], [47] have also applied LoRA
to software engineering tasks.

B. Mixture-of-Experts

Mixture-of-Experts [48] is an innovative supervised learning
framework featuring multiple specialized experts, each de-
signed to process specific subsets of training data. MoE modi-
fies the linear layers within transformer blocks by introducing
experts with sparse activations, allowing for increased model
capacity without a rise in computational cost. To facilitate
differentiation among experts, MoE architectures often utilize
sampling strategies and routing mechanisms.

Recent research on fine-tuning pretrained models has suc-
cessfully integrated MoE with LoRA fine-tuning, achieving
strong results across multiple fields. The differentiation among
LoRA with MoE architectures primarily depends on the
routing mechanisms, which fall into two main approaches.
Fig. 2(b) shows the LoRA with MoE architecture using a
token router, which assigns appropriate experts to each token
within the input sequence. Fig. 2(c) shows the LoRA with
MoE architecture using a task router, which uses the task

type to determine which experts to apply to a given input.
MOELoRA [32] and MoA [33] both employ a task router
to facilitate efficient multi-task learning. LoRAMoE [34] and
MoCLE [35] leverages a token router to prevent the forgetting
of world knowledge. MOLA [49] introduces a method that
allocates a greater number of experts to deeper model layers to
investigate the effect of expert numbers on model performance.

III. OUR APPROACH

In this section, we first introduce the overall architecture
of MMLoRA as shown in Fig. 3. In our approach, we
replace the linear layers in the Feed-Forward Network (FFN)
and the Attention Layer of the Transformer blocks with our
proposed MMLoRA Block. Each MMLoRA Block comprises
a universal expert and a set of specialized linguistic experts. To
balance high performance and fine-tuning efficiency, the uni-
versal expert remains active throughout the training process,
while specialized linguistic experts are selectively activated
according to the global Top-K strategy.

A. Low-rank Adaptation

Low-rank Adaptation [22] is an efficient approach for fine-
tuning pretrained models, which serves as the foundation
for both the universal and specialized linguistic experts in
our MMLoRA architecture. Thus, we first outline the core
mechanism of LoRA. Given a frozen pre-trained weight ma-
trix W ∈ Rd×k, LoRA introduces two trainable matrices,
A ∈ Rd×r and B ∈ Rr×k, where r < min(d, k). The same
input is multiplied by both W and the ∆W = BA weight
adjustments of each expert, which is defined as follows:

h = Wx+∆Wx = Wx+BAx (1)

where Wx is the output of the original linear layer, ∆Wx is
the output of LoRA, and h is the final output result.
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B. MMLoRA Block Architecture

MMLoRA consists of multiple pairs of low-rank matrices,
with each pair referred to as an expert. Specifically, each
MMLoRA block comprises a universal expert and a set of
specialized linguistic experts. The universal expert remains
activated throughout the training process, while the specialized
linguistic experts are dynamically selected for activation based
on the input language. MMLoRA employs a simple Global
Language Router to facilitate this dynamic selection, which
executes a Global Top-K selection to activate the most relevant
specialized experts across all MMLoRA blocks.

Since each input is assigned a fixed language ID, designing
a dedicated router for each language in every MMLoRA block
would significantly increase both the number of trainable
parameters and computational overhead. To address this issue,
we implement a single Global Language Router that allocates
weights to the specialized linguistic experts, thereby minimiz-
ing redundant trainable parameters and enhancing computa-
tional efficiency. The Global Language Router consists only of
an embedding layer and a Multilayer Perceptron (MLP), where
each input includes a language ID t. The Global Language
Router then produces the following output distribution:

Rl = max(0,Dropout(Embedding(t)W1))W2

Sl = Softmax(Rl)
(2)

where W1 and W2 represent two trainable weight matrices in
the MLP, Rl is the output routing logits, and Sl is the output
routing score. Global Language Router is a single module
for the entire model. Therefore, the Global Top-K at different
positions of the MMLoRA Block will share the same routing
logits Rl and routing score Sl.

The universal expert is always selected and trained, while
specialized linguistic experts are chosen based on the routing
score Sl using Global Top-K. This selection process can be
represented as follows:

wi =
Topk(Sl,K)i∑K
i=1 Topk(Sl,K)i

(3)

where K is the number of selected experts, and wi represents
the expert weight calculated for the i-th selected specialized
linguistic expert. The sum of the expert weights for all selected
specialized linguistic experts is equal to 1. The expert weights
of the remaining unselected specialized linguistic experts are
set to 0 and will not be called during the forward pass. For
a linear layer, the forward process is defined as h = Wx.
Therefore, the final forward propagation of the MMLoRA is
represented as follows:

h = Wx+∆Wux+
K∑
i=1

∆Wix · wi (4)

where Wu is the trainable weights for the universal expert,
Wi and wi represent the trainable weights and expert weight
of the i-th selected specialized linguistic expert, x is the input
to the MMLoRA Block, and h is the output of the MMLoRA
Block, which is passed to the subsequent model layer.

The model outputs a sequence of tokens, with the loss
function defined as cross-entropy loss, which measures the
discrepancy between the predicted probability distribution and
the actual probability distribution of the tokens. The cross-
entropy loss is given by:

Ll = −
T∑

t=1

logP (xt | x1, x2, . . . , xt−1) (5)

where T is the length of the sequence, xt is the token
at position t, and P (xt | x1, . . . , xt−1) is the predicted
probability for the token xt conditioned on the previous tokens.

C. Expert Loss Function

To resolve the imbalance in expert allocation and improve
the model’s ability to learn both common and language-
specific features, we propose a novel expert loss function based
on the Global Language Router. Notably, previous MoE loss
functions [36], [50] often prioritize distribution balance across
experts without ensuring adequate differentiation among them.
Our loss function consists of two parts: a diversity loss that
measures the degree of diversity in the router weights assigned
to experts for different languages, and a balanced loss that
calculates the standard deviation of the cumulative router
weights distributed across all experts.

The Diversity Loss Ld is designed to promote a diverse
allocation of specialized linguistic experts across different
languages. To calculate Ld, a list t̂ containing all language
IDs is input to the Global Language Router at each training
step. The Global Language Router then outputs router scores
St, which is used in Equation (3) to compute the weights
assigned to each expert for each language. The weight of the
m-th specialized linguistic expert for the n-th language is wm

n ,
and the weights of all experts for the n-th language can be
represented as a vector Vn ∈ [w1

n, w
2
n, . . . , w

m
n ]. The Ld can

be represented as follows:

Ld =
2 ·

∑N
i=1

∑N
j=i+1

∑M
m=1(Vi · Vj)m

N(N − 1)
(6)

where N is the number of languages, and M is the number of
specialized linguistic experts. A smaller value of Ld indicates
greater differentiation among the experts.

Besides, to ensure a balanced weight distribution among
experts. We propose a balance loss Lb. Specifically, the sum of
the weights of all languages for the m-th specialized linguistic
expert wm =

∑N
i=1 w

m
i . Thus, the weights of all experts can

be represented as a vector V̂ ∈ [w1, w2, . . . , wm]. The Lb can
be represented as follows:

Lb =

√√√√ 1

M

M∑
i=1

(V̂i − µV̂ )
2 (7)

where µV̂ is the mean of the vector V̂ and V̂i is the i-th
element of the vector V̂ . A smaller value of Lb indicates a
more balanced learning progress across the experts.
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TABLE I
PRETRAINING DATA PROPORTION AND CODE SUMMARIZATION DATASETS

Prog Language
Pretraining Data Proportion† CodeSearchNet XLCoST

DeepSeekCoder StarCoderBase Train Validation Test Train Validation Test
Java 18.63% 11.33% 164,923 (18.16%) 5,183 10,955 9,623 (19.18%) 911 494
C++ 11.39% 6.38% - - - 9,797 (19.53%) 909 492

Python 15.12% 7.87% 251,820 (27.73%) 13,914 14,918 9,263 (18.46%) 887 472
C# 7.34% 5.82% - - - 9,345 (18.63%) 899 491

PHP 7.38% 7.93% 241,241 (26.56%) 12,982 14,014 3,087 (6.15%) 308 158
Go 0.32% 3.10% 167,288 (18.42%) 7,325 8,122 - - -

Javascript 6.75% 8.44% 58,025 (6.39%) 3,885 3,291 8,590 (17.12%) 886 475
C 3.59% 7.03% - - - 463 (0.92%) 51 60

Ruby 1.88% 0.89% 24,927 (2.74%) 1,400 1,261 - - -
† denote the result reported from DeepSeekCoder [19] and StarCoder [18].

Finally, we obtain the Expert Loss Le by taking a weighted
sum of the Diversity Loss Ld and the Balanced Loss Lb. The
loss function can be represented as follows:

Le = cd · Ld + cb · Lb

L = Le + Ll
(8)

where cd is the weight of the Diversity Loss, and cb is the
weight of the Balanced Loss. L is the final loss used for
training.

IV. EXPERIMENTAL SETTINGS

This paper employs multilingual code summarization to
evaluate MMLoRA’s performance on the multilingual task.
We will next describe the datasets, evaluation metrics, and
implementation details.

A. Dataset Details

Code summarization focuses on generating natural language
descriptions that explain the functionality of given code snip-
pets. We utilize two multilingual code summarization datasets,
specifically CodeSearchNet [39] from CodeXGLUE [51] and
XLCoST [40]. Table I shows the distribution of pretraining
data across the two base models, together with detailed statis-
tics of two datasets. Further details regarding the two datasets
are provided below:

1) CodeSearchNet [39]: CodeSearchNet is a widely used
dataset for multilingual analysis [1], [20], [23], [52],
which provides pairs of code snippets and their corre-
sponding natural language summaries across six pro-
gramming languages: Python, Java, JavaScript, Ruby,
Go, and PHP. Notably, there are substantial differences
in data volume across these languages. First, the pro-
portion of pretraining code data for each language in
the base models varies significantly. Second, the amount
of fine-tuning data provided by CodeSearchNet is also
highly imbalanced, which further exacerbating the chal-
lenge of learning the features of these low-resource
languages. A typical example is Ruby, which accounts
for less than 2% of the pretraining data in the base model
and only 2.74% of the fine-tuning data, making it the
lowest-resource language among the six languages.

2) XLCoST [40]: XLCoST is a multilingual code sum-
marization dataset that covers seven programming lan-
guages, namely Java, C++, Python, C#, PHP, JavaScript,

and C. Similar to CodeSearchNet, XLCoST also exhibits
significant data imbalance across different languages.
For example, C is a typical low-resource language, as it
contains only less than 1% of the fine-tuning data.

B. Evaluation Metrics

We use two commonly used metrics Bleu [53] and Me-
teor [54] to evaluate the model’s performance on code sum-
marization. Detailed information about the evaluation metrics
is as follows:

1) Bleu [53]: Bleu quantifies n-gram overlap between
generated and reference text, which is commonly used
to evaluate the quality of generated text in machine
translation and summarization tasks. Higher Bleu scores
indicates that the generated results are of higher quality.
In our experiments, we directly apply the Bleu calcula-
tion function provided by CodeXGLUE [51], which is
also employed by several other approaches [1], [20].

2) Meteor [54]: Meteor is another widely used metric for
evaluating the quality of generated summaries. Meteor
prioritizes semantic similarity and linguistic flexibil-
ity, achieving stronger alignment with human evalua-
tions [55] by accounting for morphological variations
and synonym matching. A higher Meteor score indicates
higher quality output.

C. Implementation Details

We chose DeepSeekCoder-1.3B [19] and StarCoderBase-
1.1B [18] as the base models for evaluating different fine-
tuning methods. For LoRA fine-tuning, we set the rank to
32 and LoRA Alpha to 64. For MoLA [49], we followed
the original paper’s settings The number of experts for each
group was configured incrementally from the bottom up, set
to 2, 4, 6 and 8, with the top-K parameter K set to 2 and
rank set to 8 for all groups. In our MMLoRA configuration,
the number of experts was set to 4, with top-K K set to 2.
The universal expert rank was set to 8, and LoRA Alpha to
16. The specialized linguistic experts had a rank of 4 and
LoRA Alpha of 8. We applied a Dropout rate of 0.1 across all
LoRA modules. In Global Language Router, the embedding
layer’s input dimension was based on the number of tasks,
with an output dimension set to 128. The MLP layer had an
intermediate dimension of 512, a Dropout rate of 0.1, and an
output dimension equal to the number of experts.
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TABLE II
RESULTS OF CODE SUMMARIZATION COMPARISON WITH OTHER METHODS ON CODESEARCHNET

Data Availability High-resource −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→Low-resource Overall

Models Methods Param(%) Java Python PHP Go Javascript Ruby

Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor

GPT-4 one-shot - 9.22 29.25 8.21 32.16 8.96 31.12 8.49 29.18 7.00 19.96 6.29 22.06 8.03 27.29
few-shot - 10.93 31.20 12.08 33.48 12.20 33.81 12.21 35.85 9.35 20.71 10.01 24.41 11.13 29.91

Deepseekv3 one-shot - 8.39 30.07 8.02 32.04 7.79 29.02 8.46 27.45 6.52 19.84 6.14 23.38 7.55 26.97
few-shot - 13.83 34.90 13.61 33.50 13.34 36.39 12.72 32.11 10.84 20.10 10.29 24.92 12.04 30.32

Deep
SeekCoder

FPFT-Mix 100% 19.48 33.25 19.85 32.22 23.93 35.18 19.83 33.90 13.05 20.10 14.78 22.85 18.49 29.58
LoRA-Each 2.17%×6 21.20 35.45 20.16 33.36 25.61 35.75 21.77 37.78 13.67 20.24 15.06 24.28 19.58 31.14
LoRA-Mix 2.17% 21.70 35.29 20.00 32.62 25.56 35.82 21.06 37.35 13.30 20.53 15.15 23.90 19.46 30.92

MoLA 3.03% 20.78 34.86 20.35 32.53 26.61 35.71 21.57 36.78 14.21 20.18 15.04 23.00 19.60 31.51
MMLoRA 1.65% 21.38 35.65 20.95 34.13 26.83 38.08 21.75 38.25 13.80 20.96 16.55 25.65 20.19 32.12

p-value† 0.159 0.007 0.035 <0.001 <0.001 <0.001 <0.001 <0.001 0.035 <0.001 <0.001 <0.001 <0.001 <0.001

Star
CoderBase

FPFT-Mix 100% 20.05 33.57 18.71 29.75 22.34 33.31 19.02 34.31 13.66 19.17 14.34 22.93 18.02 28.81
LoRA-Each 1.91%×6 22.93 35.49 19.46 31.58 25.86 38.03 21.89 37.17 12.54 19.36 14.95 23.97 19.61 30.93
LoRA-Mix 1.91% 21.81 33.71 19.65 32.70 26.34 38.35 20.94 36.51 14.33 21.03 16.01 24.48 19.85 31.13

MoLA 2.68% 22.30 34.32 20.22 33.61 25.21 37.67 22.76 38.25 14.13 21.08 15.66 25.72 20.05 31.78
MMLoRA 1.56% 23.47 35.59 20.28 32.74 25.19 37.30 21.78 37.14 14.46 21.98 16.35 25.88 20.26 31.91

p-value† <0.001 <0.001 <0.001 0.105 0.098 0.102 0.024 0.117 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

The p-value † corresponds to the comparison between MMLoRA and MoLA.

Regarding training details, the PEFT method was applied to
all MLP layers and attention layers. For all tasks, the learning
rate across all fine-tuning methods was set to 0.0001, with a
batch size of 24 and a warm-up of 100 steps. The training
epoch is set to 1 in normal scenarios and 2 in low-resource
scenarios. All experiments were conducted using 4 RTX 4090
GPUs, and each card has 24GB of memory.

V. EXPERIMENTAL RESULTS

A. RQ1: How effective is MMLoRA on multilingual code
summarization?

To assess the effectiveness of MMLoRA, we compared
it against LoRA [22] and MoLA [49] using two CLMs:
DeepSeekCoder-1.3B [19] and StarCoderBase-1.1B [18]. We
focus on CLMs with approximately 1B parameters, as these
models are frequently deployed in resource-constrained envi-
ronments and are vulnerable to imbalances in resource alloca-
tion [56]. Besides, we evaluated GPT-4 and Deepseek-v3 on
50 samples per language from CodeSearchNet and XLCoST
using both one-shot and few-shot prompts. For the few-shot
setting, each prompt included four randomly selected examples
following a previous study [10]. Specifically, we compared
MMLoRA with four fine-tuning approaches:

• FPFT-Mix: This method combines data from all lan-
guages to fine-tune the CLMs using the FPFT technique.
We did not evaluate selecting FPFT individually for each
language, as this would result in high computational
costs, making it unfeasible for real-world applications.

• LoRA-Each: This method applies separate LoRA
weights for each language individually.

• LoRA-Mix: This method combines data from all lan-
guages and employs a single set of LoRA weights for
the training process.

• MoLA [49]: A LoRA with MoE architecture that em-
ploys a token router, allocating additional experts to
higher network layers.

The experimental results on CodeSearchNet and XLCoST
are presented in Tables II and III respectively, with the
best results highlighted in bold and the second-best results
underlined. Experimental results indicate that MMLoRA out-
performed FPFT and PEFT methods on both models in code
summarization. Specifically, on the CodeSearchNet dataset,
MMLoRA improved overall Bleu by 10.8% and Meteor by
9.6% compared to FPFT-Mix on average. On the XLCoST
dataset, MMLoRA demonstrated even larger gains over FPFT-
Mix, achieving average overall Bleu improvements of 19.7%
and Meteor improvements of 10.5% across both models.
FPFT-Mix suffers from significant negative knowledge transfer
and forgetting of world knowledge, resulting in inferior per-
formance compared to MMLoRA and other PEFT methods on
multilingual code summarization. MMLoRA addresses these
challenges by effectively fine-tuning language-specific subsets
of model parameters, thereby achieving superior performance.

When compared with the current state-of-the-art PEFT
method MoLA, MMLoRA still demonstrates superior perfor-
mance. Statistical analysis reveals the p-values are less than
0.001 for most programming languages, indicating that the
performance improvements are statistically significant. This
improvement can be attributed to MMLoRA’s incorporation
of an additional universal expert, which enhances the model’s
ability to capture common language features while mitigating
gradient conflicts and promoting effective knowledge transfer
from high-resource languages to low-resource languages.

Additionally, according to the proportions of pretraining and
fine-tuning data shown in Table I, programming languages
can be categorized into well-trained high-resource languages
(e.g. Java, C++, Python) and low-resource languages with
limited data availability (e.g. JavaScript, Ruby, C). For the
representative low-resource language Ruby in CodeSearchNet,
MMLoRA outperforms MoLA with average gains of 6.5%
in Bleu and 6.3% in Meteor across two models. Compared
with LoRA-Mix, MMLoRA achieves improvements of 5.7%
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TABLE III
RESULTS OF CODE SUMMARIZATION COMPARISON WITH OTHER METHODS ON XLCOST

Data Availability High-resource −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→Low-resource Overall

Models Methods Param(%) Java C++ Python C# PHP Javascript C

Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor

GPT-4 one-shot - 7.31 29.79 7.79 34.35 7.93 35.57 8.15 33.37 9.41 33.66 6.94 30.54 12.73 41.87 8.61 34.17
few-shot - 13.43 34.46 13.55 36.03 14.35 35.09 11.78 31.61 11.71 34.49 11.50 31.58 15.31 43.35 13.09 35.23

Deepseekv3 one-shot - 10.19 34.14 9.79 32.26 9.96 35.60 10.91 33.69 11.00 33.32 8.39 29.99 14.51 42.17 10.68 34.45
few-shot - 11.27 35.31 13.83 35.60 14.23 36.08 12.37 33.35 12.05 34.99 11.66 32.13 19.98 43.60 13.63 35.87

Deep
SeekCoder

FPFT-Mix 100% 19.16 32.03 19.11 33.59 18.98 31.89 19.92 31.48 20.82 29.60 18.77 29.66 23.64 33.17 19.62 31.52
LoRA-Each 2.17%×6 22.66 36.24 22.61 35.31 22.25 35.30 22.92 34.66 25.59 34.92 20.72 31.90 21.37 32.77 22.62 34.62
LoRA-Mix 2.17% 19.54 32.12 19.91 34.04 19.77 32.75 20.86 31.98 21.54 30.36 18.73 30.24 23.95 33.97 20.20 32.07

MoLA 3.03% 22.32 35.32 22.44 34.41 23.34 35.42 21.89 34.32 23.55 34.70 18.96 29.89 27.12 39.78 22.28 34.27
MMLoRA 1.65% 23.18 35.83 22.66 36.20 22.82 35.72 22.27 34.64 25.36 35.17 21.07 32.05 31.87 43.97 23.25 35.37
p-value† <0.001 0.003 0.028 <0.001 0.011 0.058 0.025 <0.001 0.035 0.130 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Star
CoderBase

FPFT-Mix 100% 19.16 31.23 20.25 32.71 20.02 32.66 19.03 31.30 18.88 31.82 18.04 29.94 22.51 35.95 19.40 31.82
LoRA-Each 1.91%×6 22.18 34.86 22.39 34.69 20.49 32.26 21.78 33.11 26.87 36.23 19.76 30.40 20.53 25.42 22.00 33.10
LoRA-Mix 1.91% 19.59 31.82 20.87 33.24 20.85 33.40 19.91 31.77 19.18 32.02 18.28 30.29 22.88 36.25 19.95 32.29

MoLA 2.68% 22.04 35.04 22.18 34.17 23.00 35.18 21.42 32.93 23.51 35.65 18.87 29.85 26.82 39.43 22.01 34.03
MMLoRA 1.56% 22.59 35.14 22.52 35.22 23.42 35.03 21.65 33.10 27.20 36.44 19.44 31.23 30.49 41.21 23.06 34.59
p-value† <0.001 0.104 0.146 0.030 0.092 0.277 0.252 0.312 <0.001 <0.001 0.247 <0.001 <0.001 <0.001 <0.001 <0.001

The p-value † corresponds to the comparison between MMLoRA and MoLA.

in Bleu and 4.7% in Meteor. When evaluated with Bleu on
Ruby, MMLoRA achieves gains of +1.51 on DeepSeekCoder
and +0.69 on StarCoderBase. In contrast, prior approaches
reported much smaller improvements, such as +0.46 (Mul-
tilingual Adapter vs. UniXcoder [20]), +0.26 (Multilingual
Adapter vs. CodeT5 [20]), and +0.14 (ESALE vs. UniX-
coder [7]). These results demonstrate that MMLoRA provides
significant improvements on low-resource language Ruby.
For the representative low-resource language C in XLCoST,
MMLoRA achieved particularly substantial improvements.
Specifically, it increased Bleu and Meteor by 15.6% and 7.5%
compared to MoLA on average, and achieved an average
improvement of more than 20% compared to LoRA-Mix.
For low-resource languages such as JavaScript, which possess
limited fine-tuning data but a reasonable amount of pre-
training data, the improvements were less pronounced. These
findings suggest that MMLoRA more effectively captures both
common and language-specific features, thereby facilitating
positive knowledge transfer, leading to performance improve-
ments, particularly in low-resource languages.

For high-resource languages, MMLoRA achieved results
similar to those of other PEFT methods, mainly because
the language-specific features of these languages had already
been sufficiently learned during the pretraining stage of the
base models. The one exception is Java on StarCoderBase,
where improvements remain observable for two reasons. First,
MMLoRA leverages its expert design to capture both common
and language-specific features, which benefits all languages,
including high-resource ones such as Java. Second, the extent
of pretraining varies across models. Java receives extensive
pretraining in DeepSeekCoder but considerably less in Star-
CoderBase, leading to more pronounced gains in the latter.

We also compared the performance of the 1B model
fine-tuned with MMLoRA to directly using GPT-4 and
Deepseek-v3. Under both one-shot and few-shot settings, MM-
LoRA achieved Bleu and Meteor scores that were comparable

to or exceeded those of the large language models. The results
show that without fine-tuning, even strong LLMs struggle to
perform well. Besides, our focus is on 1B parameter models,
which are better suited for resource-limited environments but
often cannot produce well-formatted outputs with prompt
engineering alone.

B. RQ2: How do expert selection strategies affect the perfor-
mance of MMLoRA?

To analyze the impact of expert selection strategies on
MMLoRA’s performance, we conducted ablation experiments
on CodeSearchNet, as all MMLoRA modules are designed
around how to select experts. Specifically, we analyzed the
results of removing the universal expert, replacing the Global
Language Router with a layer-specific Token Router, and
removing components of the expert loss function. Addition-
ally, we examined how the ratio between diversity loss and
balanced loss affects results in the code summarization task.

Table IV presents the results of ablation studies for MM-
LoRA. First, we observed that removing the universal ex-
pert led to performance declines, especially in low-resource
languages like Ruby. Specifically, Bleu and Meteor scores
dropped by 15.9% and 10.4%, respectively. This decline
highlights the universal expert’s role in learning common
features shared across languages, which aids in cross-linguistic
knowledge transfer and thereby enhances performance for low-
resource languages with limited data. Additionally, replacing
a single Global Language Router with individual token routers
at each layer also reduced performance. Since many program-
ming languages share identical tokens after tokenization, the
token router struggles to differentiate these tokens’ distinct
meanings across various programming contexts, leading to
reduced effectiveness. Finally, the ablation studies on the
expert loss function suggest that using only the balanced
loss or diversity loss alone fails to achieve optimal results.
Instead, maintaining a well-calibrated balance between the two
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TABLE IV
ABLATION EXPERIMENTAL RESULTS OF OUR METHOD ON DEEPSEEKCODER FOR CODE SUMMARIZATION

Data Availability High-resource −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→Low-resource Overall

Ablation Experiments Param(%) Java Python PHP Go Javascript Ruby

Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor

MMLoRA 1.65% 21.38 35.65 20.95 34.13 26.83 38.08 21.75 38.25 13.80 20.96 16.55 25.65 20.19 32.12
w/o universal expert 1.11% 21.08 35.03 20.52 33.31 25.31 36.26 21.38 38.08 13.36 20.08 14.27 23.24 19.32 31.00
w/o Global Language Router 1.65% 20.10 33.73 20.11 33.02 25.52 36.24 21.68 37.19 13.80 20.88 15.46 23.63 19.44 30.78
w/o Ld and Lb 1.65% 21.85 35.68 20.08 32.45 26.61 36.74 21.28 37.00 13.77 20.71 15.44 23.16 19.84 30.96
w/o Lb 1.65% 21.21 35.00 20.40 33.39 26.74 36.80 21.66 37.68 13.73 21.13 15.55 23.08 19.88 31.18
w/o Ld 1.65% 21.45 34.90 20.55 33.72 26.39 36.63 22.27 38.22 13.92 20.55 15.41 24.00 20.00 31.33
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Fig. 4. Evaluation of the performance of MMLoRA when using different
weights for diversity loss and a balanced loss on code summarization.
Horizontal axis shows the weight of the balanced loss cb, while the diversity
loss cd is set to 1− cb.

is essential to ensure steady learning progress while preserving
the specialization of linguistic experts.

The experimental results in Fig. 4 illustrate the performance
of MMLoRA on code summarization using various weights
for diversity loss and balanced loss. We tested balanced loss
weights cb range from 0.0 to 1.0, with diversity loss weights
cd set to 1− cb. The results indicate that optimal performance
was achieved when cd = 0.3 and cb = 0.7. Balancing
diversity loss and balanced loss benefits specialized linguistic
experts, leading to more effective learning of both common
and language-specific features.

C. RQ3: How does the number of experts affect the perfor-
mance of MMLoRA?

To further investigate the impact of the number of experts
on the final performance of MMLoRA, we examined the
total number of specialized linguistic experts and the num-
ber selected based on the Top-K criterion. For experimental
consistency, MMLoRA was fine-tuned again under each con-
figuration. Specifically, we conducted experiments with 4 and
6 specialized linguistic experts, setting Global Top-K to select
1 expert, 50% of the experts, and 100% of the experts on
CodeSearchNet dataset.

Table V presents the experimental results under a varying
number of specialized linguistic experts. We observed that
increasing the number of specialized linguistic experts from
4 to 6 did not result in noticeable performance improvements,
even with an increase in training parameters. This finding
aligns with previous results from other MoE research [34].
Additionally, setting Top-K to 1 causes a significant drop
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Fig. 5. The performance evaluation on CodeSearchNet dataset using only
specialized linguistic experts. 4SLE, 6SLE, 8SLE denote configurations that
only use 4, 6, and 8 specialized linguistic experts.

in performance, while setting Top-K to the total number of
experts does not yield better results. Activating all specialized
linguistic experts for each training instance may prevent the
experts from focusing on language-specific features.

Moreover, we conducted experiments to investigate whether
increasing the number of specialized linguistic experts could
serve as a replacement for the universal expert. The results pre-
sented in Fig. 5 show that increasing the number of specialized
linguistic experts to 6 or 8 still led to a performance decline,
suggesting that using only specialized linguistic experts cannot
replace the universal expert. The universal expert is essential
for capturing common features shared across languages.

D. RQ4: How effective is MMLoRA in low-resource scenar-
ios?

Low-resource scenarios refer to situations where training
data is limited. Evaluating performance under low-resource
conditions is critical for real-world deployment. Previous
approaches [1], [6], [20] have investigated the effectiveness
of code summarization with limited data. To evaluate MM-
LoRA’s effectiveness in low-resource scenarios, we compared
MMLoRA with LoRA-Mix using reduced code summarization
datasets. Specifically, we selected subsets representing 0.1%,
0.5%, and 1% of the original CodeSearchNet dataset to assess
code summarization performance under low-resource condi-
tions. We preserved the original inter-language data propor-
tions across different programming languages while creating
these subsets.

Fig. 6 presents our experimental results. In addition to
the overall performance, we report outcomes for the lowest-
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TABLE V
COMPARISON OF EXPERT COUNTS ON DEEPSEEKCODER FOR CODE SUMMARIZATION

Data Availability High-resource −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→Low-resource Overall

Experts Top-K Param(%) Java Python PHP Go Javascript Ruby

Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor Bleu Meteor

4
1 1.65% 20.29 34.19 20.07 32.34 25.84 36.82 22.05 37.25 13.79 21.22 15.29 23.01 19.55 30.80

2 (50% Experts) 1.65% 21.38 35.65 20.95 34.13 26.83 38.08 21.75 38.25 13.80 20.96 16.55 25.65 20.19 32.12
4 (100% Experts) 1.65% 21.85 35.68 20.08 32.45 26.61 36.74 21.28 37.00 13.77 20.71 15.44 23.16 19.84 30.96

6
1 2.47% 20.79 34.87 20.36 32.53 25.61 35.71 21.58 36.78 14.21 20.18 15.04 23.00 19.60 30.51

3 (50% Experts) 2.47% 21.91 36.21 20.81 34.24 25.97 37.51 20.81 38.56 13.54 21.76 15.99 25.69 19.92 32.33
6 (100% Experts) 2.47% 22.59 36.38 19.95 33.77 25.24 35.58 21.84 38.18 13.72 20.40 15.62 23.69 19.83 31.30
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Fig. 6. Evaluation of performance on code summarization datasets of different
scales. The bar charts below each subplot illustrate the extent to which
MMLoRA improved or declined compared to LoRA-Mix. The blue bars
represent changes in Bleu, while the green bars represent changes in Meteor.

resource language Ruby and two high-resource languages
Python and Java. When training on only 0.1% of the data,
MMLoRA is outperformed by LoRA-Mix. However, as the
volume of training data increases, MMLoRA’s overall perfor-
mance improves consistently. This finding suggests that MM-
LoRA’s routing strategy requires a minimum data threshold
to effectively activate and select the appropriate specialized
linguistic experts.

For the lowest resource language Ruby, which accounts
for only 2.7% of the code summarization fine-tuning data,
increasing the data volume yields minimal performance gains
with LoRA-Mix. This finding indicates that LoRA-Mix does
not effectively transfer knowledge from higher-resource lan-
guages to low-resource languages during training. In contrast,
MMLoRA’s performance on Ruby improves significantly as
the training data increases. For high-resource languages Java

TABLE VI
RESULTS OF HUMAN EVALUATION FOR CODE SUMMARIZATION

Methods Similarity Naturalness Informativeness RelevanceAvg.
GPT-4(one-shot) 1.72 2.28 2.78 2.47 2.31
GPT-4(few-shot) 1.87 2.35 2.37 2.41 2.25

FPFT-Mix 2.05 2.33 1.92 2.14 2.17
LoRA-Each 2.25 2.46 2.22 2.48 2.35
LoRA-Mix 2.23 2.44 2.28 2.52 2.37

MoLA 2.20 2.41 2.18 2.46 2.31
MMLoRA 2.30 2.50 2.44 2.66 2.48

and Python, MMLoRA and LoRA-Mix achieve comparable re-
sults, which suggests that MMLoRA can enhance low-resource
language performance without diminishing performance for
high-resource languages.

VI. DISCUSSION

A. Human Evaluation

Prior studies [8], [9], [11], [57] have shown that relying
solely on automatic evaluation is insufficient, since these
metrics may not reliably reflect human judgment. Therefore,
we conduct a human evaluation by following the previous
works [7]–[11] to assess the summaries generated by five fine-
tuning methods on DeepSeekCoder as well as by GPT-4 under
one-shot and few-shot prompting settings.

We randomly selected 20 samples for each language in
CodeSearchNet, resulting in 120 summary instances for hu-
man evaluation. Ten volunteers, each with over three years
of programming experience, were recruited to perform the
evaluation. Each summary was rated on a scale from 0 to
4 across four dimensions , which is widely used by previous
works [7], [8], [10], [11]: Similarity (with reference sum-
maries), Naturalness (grammatical correctness and fluency),
Informativeness (amount of relevant information transferred
from the input code), and Relevance (alignment with the input
code snippets).

The results of the human evaluation are presented in Ta-
ble VI. The standard deviations of all techniques are below 0.6,
indicating that the scores assigned by human evaluators exhibit
a similar level of consistency. The evaluation results demon-
strate that summarization generated by MMLoRA outperform
those produced by other fine-tuning methods, with significant
improvements observed in terms of Informativeness and Rel-
evance. Moreover, when compared with GPT-4, MMLoRA
still demonstrates overall superior performance. This suggests
that MMLoRA more effectively learns the language-specific
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def c_checksum

  sum = 0

  checksum_values.each_with_index do |value, index|

    sum += ((index % 20) + 1) * value

  end

  sum % 47

end

GroundTruth: Calculates the C checksum based on checksum_values

LoRA-Mix: Calculate the checksum for the current value

MoLA: Calculate the checksum for the current data

MMLoRA: Calculate the checksum for the current state of the checksum_values

FPFT-Mix: Calculates the C checksum

LoRA-Each: Calculate the checksum for the current data

Ruby Code

Fig. 7. Examples demonstrating the effectiveness of MMLoRA compared to
other methods on a low-resource language Ruby code summarization case.

features of the code itself, thereby generating summaries
that are more relevant to the source code and contain more
comprehensive information.

B. Case Analysis

To visually demonstrate the effectiveness of MMLoRA, we
present an example of Ruby code summarization generated by
DeepSeekCoder, as illustrated in Fig. 7. The code calculates
the checksum based on the checksum values defined within
the function.

Accurately summarizing this Ruby function requires cap-
turing three key elements. First, identifying that the function’s
primary objective is to calculate a checksum. Second, indicat-
ing that the checksum is computed based on a specific vari-
able. Third, explicitly naming the variable checksum values.
MMLoRA’s output incorporates all these elements while main-
taining fluency, generating a summary that is precise and easy
to comprehend. In contrast, other PEFT methods (LoRA-Each,
LoRA-Mix, MOLA) produce summaries that omit the mention
of the variable checksum values, indicating that these methods
fail to capture detailed implementation information of low-
resource Ruby language. Moreover, the output from FPFT-
Mix merely mentions the function’s purpose in general terms,
which may be attributed to the loss of world knowledge during
the full-parameter training process.

C. Expert Allocation

In this section, we visualize the allocation of specialized
linguistic experts for code summarization using two base
models: DeepSeekCoder and StarCoderBase. The number of
specialized linguistic experts is set to 4, with the top-2 experts
selected based on the Global Top-K selection strategy. We
present the weight distribution of experts for each program-
ming language and the total workload handled by each expert.

Fig. 8 presents heatmaps illustrating the allocation of spe-
cialized linguistic experts. We find that different models result
in different allocations of experts. The overall weights of all
experts are similar on both models, which can be attributed
to the expert loss function that facilitates the balance among
specialized linguistic experts. For low-resource languages, the
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Fig. 8. Specialized linguistic experts allocation of code summarization on
DeepSeekCoder and StarCoderBase.

weights of the two selected specialized linguistic experts are
more similar, which facilitates knowledge transfer. Moreover,
linguistically similar languages tend to share experts, Ruby and
PHP share some language-specific experts in both models, due
to their common nature as interpreted languages widely used
in web development. Specifically, the distribution of experts
is relatively balanced in DeepSeekCoder, with two specialized
experts assigned to each language having nearly equal weights.
For StarCoderBase, high-resource languages such as Python,
PHP, and Go more rely on a single specialized linguistic
expert. In contrast, the weights of the two selected experts
remain fairly similar for low-resource languages. The results
showing that MMLoRA automatically determines how to share
experts for better transfer.

VII. RELATED WORK

A. Code Summarization with Deep Learning

Deep learning models have advanced the state-of-the-art
in software engineering tasks, such as code summarization.
Early work used Recurrent Neural Network (RNN) [58], [59]
to implement sequence-to-sequence models for code summa-
rization. Some studies have incorporated tree structures [59]–
[61] or graph structures [62] to learn detailed code structural
information. With the development of Transformer [63], pre-
trained models have achieved tremendous success, which has
also led to the emergence of numerous CLMs. CLMs can
be categorized into three types: encoder-only (e.g. Code-
BERT [3] and GraphCodeBERT [4]), decoder-only (e.g. Code-
Gen [17], StarCoder [18], and DeepSeekCoder [19]), and
encoder-decoder (e.g. CodeT5 [64], GrammarT5 [65] and
UniXCoder [66]), all of which have shown strong performance
in code summarization. Recent studies have improved the
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code summarization performance of CLMs through model
interpretation [67] or prompt engineering [68], [69].

However, when performing code summarization for pro-
gramming languages across multiple domains or languages,
it is often necessary to fine-tune the CLMs to adapt them
to downstream tasks. Fine-tuning all parameters is both
time-consuming and resource-intensive. Therefore, various ap-
proaches have been proposed, such as training on a mixture
of languages [1], [20], [26] or using PEFT methods [20],
[23], [70] to fine-tune. Liu et al. [23] evaluated different fine-
tuning methods on CodeT5 [64] and PLBART [71], evaluating
their performance across multiple software engineering tasks
including code summarization. Ahmed et al. [1] find that code
written in different languages often shares similar variable
names, which are important indicators for code summarization.
They demonstrate through experiments that training on a mul-
tilingual mixture improves performance in both CodeBERT [3]
and GraphCodeBERT [4]. Wang et al. [20] combined all
languages and employed adapter fine-tuning, effectively re-
ducing computational resource consumption while avoiding
catastrophic forgetting of world knowledge caused by FPFT.

B. Low-resource Language in Software Engineering

Low-resource languages are programming languages with
insufficient training data. Many studies focus on improving
or analyzing the performance of software engineering tasks
for low-resource languages, such as code summarization [1],
[6], [20], [72], code generation [73], [74], code repair [75],
[76], and clone detection [77]. Specifically, Chen et al. [6]
investigated the transferability of CLMs for low-resource pro-
gramming languages in the code summarization task and pro-
posed effective strategies for selecting suitable programming
languages for fine-tuning. SPEAC [73] is a novel approach
that enables CLMs to generate syntactically valid code in
very low-resource programming languages by introducing an
intermediate language and leveraging compiler techniques.
SELF-DEBUGGING [75] enables CLMs to iteratively debug
their own code generation without human feedback. Other
works [74], [78] translate popular pre-training datasets and
monolingual benchmarks into a diverse range of programming
languages, including many low-resource languages. Previous
studies [6], [73], [73], [75] have focused on mitigating the
performance degradation of low-resource languages in a given
multilingual task. In contrast, MMLoRA introduces a novel
fine-tuning approach that not only retains common features
shared across multiple languages but also effectively mitigates
gradient conflicts, thereby improving the performance of low-
resource languages in downstream tasks.

VIII. THREATS TO VALIDITY

External Validity concerns the generalizability of study
findings to other settings and datasets. We evaluated the
effectiveness of MMLoRA and other fine-tuning methods
using two base models on code summarization task across
six programming languages. Previous studies [79] suggested
that code summarization datasets may suffer from inconsistent

annotations. To enhance the reliability of our findings, we used
the widely adopted CodeSearchNet and XLCoST datasets,
supplemented by human evaluation. However, we did not
include certain promising PEFT methods such as Adapter Tun-
ing [41], or extend our comparison of PEFT methods across
more base models, which could impact the generalizability
of our findings. Besides, applying LoRA [22] at different
positions affects both the proportion of trainable parameters
and the overall model performance. To ensure fairness in
comparison, all LoRA-based PEFT methods were consistently
applied to the FFN layers and Attention layers in both models.

Internal Validity concerns unanticipated relationships that
could impact the study’s results. Although MMLoRA signif-
icantly reduces the number of trainable parameters compared
to FPFT methods, thereby avoiding resource-intensive issues.
The expert selection process which relies on the router’s output
still results in longer evaluation and training times. To mitigate
this issue. Unlike other methods [32], [33] that add a router
to each multi-expert module, we employ a single Global
Language Router to achieve relatively efficient global expert
selection. However, the Global Language Router leads to the
current MMLoRA being unable to effectively generalize to
untrained languages. We will explore other routing strategies
to make MMLoRA more generalizable in the future.

IX. CONCLUSION AND FUTURE WORK

In this paper, we introduce Mixture-of-Experts Multilingual
Low-Rank Adaptation, which is a novel PEFT approach for
CLMs in software engineering tasks. MMLoRA updates less
than 2% of the model’s parameters, significantly reducing
computational overhead compared to FPFT. MMLoRA ex-
tends the MoE structure by utilizing a universal expert and a
set of specialized linguistic experts to retain common features
while capturing language-specific features to mitigate gradient
conflicts. Experimental results show that MMLoRA achieves
state-of-the-art performance in code summarization, particu-
larly for low-resource languages. In future work, we plan to
evaluate the effectiveness of MMLoRA on a broader range
of base models and explore more efficient routing strategies.
Additionally, we aim to expand MMLoRA across a broader
range of multilingual other code-related tasks, such as code
translation and code repair to validate its generalizability.
Our code and experimental data are publicly available at
https://github.com/UnbSky/MMLoRA.
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