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1. Introduction

Prior works of adapting large language models (LLMs) to specific domains used full fine-tuning, which can be costly and
ineffective, especially for low-resource languages. Though researchers have proposed many methods to overcome these
disadvantages, in its current state, there are too many options to choose from.

The fast-developing technology of LLMs like Llama, GPT, T5, and Alpaca has transformed how humans interact with
machines through content creation and human-like dialogue (Qin et al., 2024). For example, generative LLMs can generate
content from any user input, such as text, images, sound, etc. These models operate using transformer-based architectures
and are trained on extensive text corpora to identify linguistic patterns and accurately predict subsequent tokens. This
enables LLMs to generate natural and coherent texts within a very short time.

The benefits of LLMs are not equally distributed globally. A major contributor to this is the disparity of performance across
different languages. The majority of LLMs are trained on high-resource languages, primarily English, where large amounts
of text data are easily accessible. Therefore, LLMs respond significantly better to English commands and prompts than to
languages that have less publicly accessible corpora, or ‘low-resource’ languages (Ming et al., 2024; “Multilingual Large
Language Models and Curse of Multilinguality,” 2025). In one evaluation of translation tasks, English prompts achieved an
average BLEU score of 92.5%, while Hindi prompts scored only 7.5% (“Multilingual Prompting in LLMs,” 2024). BLEU is a
standard metric that evaluates how closely machine translations match human translations, with higher scores indicating
better translation quality (Papineni et al., 2002). There are approximately 3 billion people worldwide who speak
low-resource languages, and disparities in performance and usability cause inequality in linguistic representation and
opportunity. For example, LLMs trained only in English cannot serve as a highly useful tool when it comes to assisting local
governments and indigenous communities.

Researchers have tackled this problem by using the multilingual pretraining method (such as Macro-LLM), which involves
training LLMs on texts from a mixture of languages to facilitate knowledge transfer across different languages (Ming et al.,
2024). This approach enhances the models' ability to understand and generate low-resource language texts by leveraging
knowledge from high-resource languages. However, this method caused a regression of the model’s ability to respond to
high-resource languages (“Multilingual Large Language Models,” 2025). Additionally, since the multilingual pretraining
method requires large amounts of data for training, the imbalance in data availability between high-resource and
low-resource languages leads to uneven performance.

Recently, novel approaches have been developed to address this problem. Fine-tuning methods involve directly adjusting
parameters of weights and biases (i.e., the numbers used to make predictions). Full fine-tuning (FFT) changes all
parameters, while parameter-efficient fine-tuning methods (PEFT) change only a small fraction, such as adapters (4%),
prefix tuning (0.1%), and prompt tuning (0.01%).

Prompt-based methods do not change the model at all. Instead, they change the prompt (input text) by adding guiding
words or phrases that steer the model toward the right answer. This includes Dictionary-based Phrase-level Prompting
Machine Training (DiPMT), Retrieved Phrase-level Prompts (RePP), and prompt tuning (Ghazvininejad et al., 2023; Sun et al,,
2022; Lester et al., 2021).
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This review makes three contributions. First, we specify a structured search methodology. Second, we point towards
specific methods and extract comparable data items across studies, such as model size, language pairs, metrics, percentage
of parameters used, and tokens processed. Third, we provide a practical decision framework for reference on when to use
which methods.

2. Methodology

The papers reviewed were selected from Google Scholar, ACL Anthology, and arXiv based on clearly defined criteria. Each
paper clearly focuses on adapting large language models, empirically evaluates either prompt-based or fine-tuning methods,
and includes detailed evaluations regarding performance, computational efficiency, and costs. Each paper must also be
peer-reviewed and written in English text format. Our goals were to identify recent methods specifically aimed at enhancing
MT performance in low-resource languages, to critically evaluate these methods using criteria such as computational
practicality, implementation cost, and effectiveness, and to recommend the most suitable methods for practical
implementation, considering restricted data constraints and linguistic variations in low-resource languages. Below are data
that were extracted from the papers:

Model (size)

Language paris

Methodology (prompt-based; full FT; PEFT)
Metrics

Percentage of parameters tuned

Tokens processed

Costs if reported

In this review, prompt-based methods are defined as an approach taken with zero modification of the parameters of the
original model, focusing on enhancing the prompts to yield better performance from the model. Conversely, fine-tuning
methods refer to approaches that directly modify the parameters of the original model, thereby refining its transformer
architecture or neural network structure to produce more effective outputs.

3. Comparative Results and Analysis

3.1. Prompt-based Methods

LLMs can be adapted to low-resource translation without retraining by modifying their inputs or prompts. Prompt-based
methods require minimal computational cost and parameter updates (Liu et al., 2021; Shin et al., 2025). They differ mainly in
how linguistic hints are provided to the model.

Initial language models, such as N-grams and Recurrent Neural Networks (RNNs), laid the foundation for prompt-based
methods. Large-scale models such as GPT-3 enhanced the ability and adaptability of prompt engineering.

In this section, we compare methods recently developed by other researchers: Dictionary-based Phrase-Level Prompting
(DiPMT), Retrieval Phrase-Level Prompting (RePP), and prompt tuning (Ghazvininejad et al., 2023; Lester et al., 2021; Sun et al,,

(‘ theconvergencejournal.org Vol. 1, No. 4; November 15, 2025



Enhancing Machine Translation in Low-Resource Languages ( Convergence

AJournal for Young Researchers

2022).

— —

Parameter-Efficient Fine-
tuning - PEFT

[~ T

Full Fine-tuning

Figure 1: Methods to adapt LLMs for machine translation
Note: The previously identified methods are categorized into two large parts: prompt-based methods and fine-tuning methods.

DiPMT: Description and Key Results

Dictionary-based Phrase-level Machine Translation (DiPMT) was developed in 2023 by Meta Al (Ghazvininejad et al., 2023).
DiPMT is a domain-specific method specialized in the task of machine translation. The core idea behind DiPMT is to enhance
prompts by using a bilingual dictionary to provide hints for specific words, especially rare ones, in order to narrow the range
of possible interpretations for the LLM. In DiPMT, strings describing the meaning of the keywords (e.g., the word "pembuatan”
means "creation") are appended to the original prompt. The addition of these strings expands the model's capability to
accurately translate the original prompt. As a result of incorporating this method, the model showed an improvement in the
BLEU compared to the baseline LLM output, which omits the dictionary hints from the prompt, with a mean increase of +4.8
and a standard deviation of 1.2 across 17 of the 20 languages tested. Figure 2 shows an example prompt in a DiPMT.

Translate the following sentence to English: Ia melakukan pembuatan bel pintu dengan teknologi WiF1, katanya.
In this context, the word "pembuatan” means "creation”; the word "bel" means "buzzer", "bell"; the word "pintu" means

"door", "doors".
The full translation to English is:

Figure 2: Example of a zero-shot prompt using DiPMT
Note: Green words, which act as hints, are added to the original blue & red instructions.

This method highly depends on the type of coverage—word type coverage or word token coverage—of the dictionary for the
target language. The word type coverage of a dictionary represents the proportion of distinct words in the language that exist
in the dictionary. A high word type coverage means the dictionary is robust and covers a diverse vocabulary. On the other
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hand, word token coverage considers the percentage of the dictionary that can be translated in real-world situations. Thus,
small dictionaries can have high token coverage if they contain frequent common words in the language. This relationship
underscores the importance of lexical coverage: when dictionaries include a wide variety of word types, models can better
clarify meanings during translation, especially in underrepresented languages. The study shows that DiPMT performs
substantially better only when the type coverage is above a certain level (5-20%). Typical lexical coverage for low-resource
languages is around 20-50%, which suggests that DiPMT is practically useful in real-life situations. The performance of the
method is also highly dependent on the hint that is provided. The prompts produced by the normal DiPMT method provide all
available dictionary translations of words in the original prompt, creating multiple competing options that can be challenging
for LLMs to determine the most contextually appropriate choice. The results from the paper show that the output from this
method can sometimes be inaccurate since the model could potentially choose the wrong definition. Although this method
can be highly accurate when “gold hints"—correct translations of some key words in the original prompts—are provided, this
may not be possible to attain for every case of translation. Thus, a method that would allow gold hints to be derived from
dictionary hints will increase the effectiveness of DiPMT significantly; otherwise, performance may be limited. Overall, DiPMT
is strongest for rare-word translation when a robust bilingual dictionary is available, but its success is tightly constrained by
dictionary coverage.

RePP: Description and Key Results

Retrieved Phrase-level Prompts (RePP) enhances LLMs’ outputs by retrieving relevant phrase-level data from a bilingual
dictionary database and combining it with the input before processing in the LLM (Sun et al., 2022). Additional precision from
the database clarifies meanings for the LLM to process, and using phrase-level data limits the possibility of interpretations
compared to sentence-level data.

RePP enhances the prompt in three automated processes: segmenting the input into phrases, retrieving aligned bilingual
phrases from a pre-built database, and concatenating them before translation. RePP specially integrates phrase-level bilingual
data without retraining the model, improving clarity and cross-lingual alignment. In benchmark tests on English-German and
German-English translation, RePP improved mean BLEU scores by +6.2 compared to baseline models, performing slightly
below FFT. Because the bilingual phrases database combines multiple dictionaries, its word type coverage and token coverage
are both high, making RePP more stable than DiPMT, which relies only on one dictionary. Unlike FT, RePP requires only a
single base model for multiple domains, since each input prompt is augmented with phrase-level bilingual data. This
adaptability makes it especially robust for low-resource languages, where corpora (large text data) and funding for advanced
models are scarce.

Prompt Tuning: Description and Key Results

Prompt tuning is a parameter-efficient strategy that freezes the pretrained parameters and inserts a small, learnable prompt
vector into the model's embedding layer (Lester et al., 2021). The vector—a sequence of virtual tokens prepended to the
input—guides the model toward task-specific outputs without altering its original parameters. In the presented paper, Lester
et al. analyzed prompt tuning performance on a T-5 XXL model using GLUE and SuperGLUE benchmarks. This method
matched FFT performance (approximately 89.3% accuracy) while updating only approximately 0.01% of parameters.

Because only the prompt vectors are developed, the computational cost is negligible. Freezing the original parameters also
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preserves high-resource-language performance, an advantage in multilingual machine translation, where maintaining English
or other prominent language accuracy while adding low-resources translation capability is essential.

Prompt

Figure 3: Conceptual difference between fine-tuning and prompt tuning

Comparison and Trends among Prompt-Based Methods
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Table 1: Performance and characteristics of prompt-based methods (DiPMT, RePP, and prompt tuning) across low-resource
machine translation tasks

from multiple
dictionaries

Method % of Data or resource | Relative MT performance | Best use cases Risk & cost
parameters | required cost (BLEU, GLEU)
modified
DiPMT 0% Bilingual Low Average +4.8 Sentences with If the dictionary lists
dictionary (minimal) | BLEU; especially rare, uncommon multiple
effective in words; translations, it can
out-of-domain dictionaries with | lead to lower
situation high word accuracy. Quality
coverage depends on the
dictionary's word
coverage.
RePP 0% Phrase pair Low +6.2 BLEU on Fast domain Building a phrase
database made En-De adaptation when pair database highly

phrases are
available;

relies on the
accuracy of the
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sentences with phrase pair.
idiomatic
expressions
Prompt ~0.01% None Low to Achieving close to | Protecting the Underperforms
tuning moderate | FFT in the GLEU main compared to DiPMT
score resource-rich and RePP.
language’s
performance

Note: BLEU is a translation quality metric, with higher scores indicating better translation.

Methods that bring the right translation words improve the performance the most. DiPMT scales with dictionary word
coverage: when word coverage is below 20%, it significantly diminishes improvements. RePP is more consistent, as it uses
multiple bilingual dictionaries to create a phrase pair database, but requires more time and cost to build. Pure prompting
methods keep costs near zero, but wrong or noisy hints can mislead the model and lower performance. Thus, the quality of
the external source matters significantly. Prompt tuning changes almost nothing, making it ideal for maintaining multilingual
breadth while adding a task, but it usually lacks precision compared to DiPMT and RePP.

3.2. Fine-Tuning Methods

LLMs can also be adapted to low-resource language translation by retraining parts of their internal parameters through
fine-tuning. Unlike prompt-based methods, which modify inputs, fine-tuning methods directly adjust the model's behavior
(Ding et al., 2023; Houlsby et al., 2019; Li & Liang, 2021). Early approaches to full fine-tuning (FFT) retrained all parameters.
This method achieved strong task specialization at the expense of cost-efficiency and scalability. To reduce this burden,
methods like Self-Distillation from Resource-Rich Language (SDRRL) and parameter-efficient fine-tuning (PEFT) have
emerged, which update only a fraction of parameters while keeping most of the model frozen.

Parameter-efficient fine-tuning (PEFT) is a novel approach to address the issue of increasing storage size, which escalates the
computational and memory costs of LLMs (Ding et al., 2023). It focuses on tuning a limited number of parameters and
modularity, meaning one LLM can be used for multiple specific tasks. The PEFT we reviewed are:

1.  Adapters
2. Prefix Tuning

SDRRL: Description and Key Results

Self-Distillation from Resource-Rich Languages (SDRRL) mitigates data scarcity by transferring patterns from high-resource
to low-resource languages (Zhang et al., 2024). In SDRRL, the model first generates an exemplar response in a high-resource
language (e.g, English), assuming it is accurate. Then, it translates the responses to the target low-resource language and
compiles these pairs into a data set used for supervised fine-tuning. This process of cross-lingual transfer boosts
low-resource performance but can slightly reduce the accuracy in the high-resource language, as some parameters are
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overwritten during supervised fine-tuning. Zhang et al. (2024) observed that SDRRL improved BLEU by 2-5 points across 14
languages while largely preserving accuracy in English and French. SDRRL creates its own data by translating high-quality
output, which effectively removes the dependence on existing bilingual corpora. By transferring sentence-level grammatical
knowledge from high-resource languages rather than individual lexical pairs, the model learns linguistic structures—such as
word order, tense, and dependencies—that dictionaries may not capture. This deeper grammatical learning advances fluent
translation in low-resource settings.

Adapters: Description and Key Results

Recognizing the issue of increasing required storage size, Houlsby et al. proposed a method in 2019 that takes a novel
approach to enhance the practicality of fine-tuning (Houlsby et al., 2019). In this method, adapters—tiny, trainable layers— are
added between frozen layers of the transformer model (Vaswani et al., 2017). During fine-tuning, only these adapter layers are
trained, making the process faster and cost-effective. Typically, about 4% of parameters are tuned while 96% remain fixed.
When training 1 billion tokens, adapter fine-tuning costs roughly $200 USD compared to thousands for FFT. Adapters
improved F1/BLEU by roughly 12% across 8 low-resource languages (Gurgurov et al., 2024). This architecture allows the
model to remember what is already known from high-resource languages and enables cross-lingual transfer, which can
efficiently enhance the performance of low-resource languages while maintaining performance in high-resource languages.
Because adapters can be added or removed like plug-ins, one shared model can hold multiple language-specific adapters at
once, each trained separately and loaded only when needed, ensuring the model's robustness.

Prefix Tuning: Description and Key Results

Similar to adapters, prefix tuning is a parameter-efficient fine-tuning inspired by prompting (Li & Liang, 2021). It freezes the
model's parameters to minimize the increase in model storage. Unlike adapters, prefix tuning adds a task-specific vector to
each layer in the transformer to guide the original LLM to a more precise output. These vectors, or parameters, are
prepended in front of every attention block in the transformer. Prefix tuning a GPT-4.1 model only costs about $7.50 USD,
significantly reducing the need for large investments.

Comparison and Trends among Fine-Tuning Methods

Table 2: Comparison of fine-tuning strategies (full fine-tuning, SDRRL, adapters, and prefix tuning) on efficiency, data use,
and translation quality

Method % of Data or resource | Relative MT performance | Best use cases Risk & cost
parameters | needed cost (BLEU, GLUE)
modified
FFT 100% Large parallel Very high | ~+12 BLEU in High budget and Forgetting other
corpora (~S7500 domain-specific data; maximum languages or
USD per tasks stability on one domains; expensive
model) domain
SDRRL >50% Output from Medium ~+5 BLEU across Lacking Some loss to
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high-resource to high 14 languages from | low-resource high-resource
languages English and language data; language
French models access to performance;
high-resource though less than
language models FFT, high-cost
Adapter ~4% Moderate Low to Near FFT High accuracy per | Managing many
bilingual data medium accuracy in most | cost; use across adapters; some
low-resource multiple domains | tasks may perform
language settings; lower than FFT.
highest among
PEFT
Prefix ~0.1% Moderate Low Near FFT Moderate May not have
tuning bilingual data accuracy in most | accuracy per cost; | reached the adapter
low-resource use across or FFT performance.
language settings | multiple domains;
rapid
development

The trend in fine-tuning models shows that the performance strongly correlates with the percentage of parameters modified.
Updating more parameters tends to increase BLEU, with FFT at the top and PEFT in the middle, but with higher cost and

lower performance in the original high-resource language.

Adapters and prefix-tuning increase BLEU nearly as much as FFT for a fraction of the cost. SDRRL makes its own training
pairs by translating high-resource language output first, improving BLEU scores for low-resource languages when parallel
data is scarce.

3.3. Cross Category Evaluation

Table 3: Comparative overview of adaptation methods for low-resource translation

Method Example Parameters | Data Relative | BLEU Domain- Strengths | Limitations
Type Methods Modified Efficiency Cost specific
Performance
Prompt- DiPMT, 0-0.01% Effective Lowest [ +4-6 Limited Zero Lowest
based RePP, with (<$1to BLEU improvement | retraining; | accuracy;
prompt minimal $10 USD | gain for highly fast depends on
tuning data (e.g., per run) | over specialized deployment | lexical
zero-shot) baseline | tasks ; high coverage
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accessibi-
lity
Fine- PEFT 0.1-50% Moderate Lowto | +8-13 Superior at Reusable Medium to
tuning (adapters, data Medium adapting to modules; high
methods prefix requirement | (~$7.50- specialized preserves accuracy;
tuning), (e.g., $200 domains; primary architec-
SDRRL bilingual USD per captures language tural
corpora) billion grammatical | compe- complexity
tokens) and semantic | tence; high
structure accuracy
per cost
Full fine- Traditional | 100% Requires Very +10-12 Highest Full Costly;
tuning FT large-scale High precision and | adaptation; | prone to
(FFT) parallel (~$7500 stability on maximal forgetting
datasets USD per task-specific | accuracy
model) domains

The difference in machine-translation performance across methods primarily arises from the percentage of parameter
modification. SDRRL retrains >50% of the model, achieving the greatest improvement (~+13 BLEU) with medium-high
computational costs. PEFTs, like adapters, achieve nearly the same improvements as FFT (~+12 BLEU) while altering only small
portions of the model's parameters (~4%), allowing domain-specific adaptation while retaining pretrained knowledge. By
contrast, prompt-based methods, like prompt tuning, modify only ~0.01% of parameters, proposing quicker adaptation, but
with significantly less improvement (~+6 BLEU).

Differences in data efficiency also influence the translation quality. Prompt-based methods perform effectively with minimal
data, operating under zero- or few-shot environments without bilingual corpora. PEFT methods, such as prefix and adapter,
require moderate training data. Consequently, data-training requirements increase in proportion to the percentage of
parameters updated. The relative cost is proportional to the percentage of parameters modified. Prompt-based and prefix
tuning methods operate at under $10 USD per modification, while adapters require ~$200 USD per 1 billion tokens (Houlsby et
al,, 2019). SDRRL and FFT require the highest costs, ranging from $2000-$7500 USD per model (Ding et al., 2023). These
quantitative comparisons establish the relative strengths of each method across performance and cost dimensions. The
broader implications of these trade-offs for low-resource language settings are discussed in Section 4.

4. Discussions

4.1. Restatement of Key Findings

Evaluations demonstrate clear proportionality between parameter modification, computational costs, and MT performance.
Methods updating fewer than 1% of parameters yield modest BLEU improvements (~+6), whereas those up to ~50%
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modification achieve near-FFT accuracy (~+13) at a much lower cost. FFT consistently achieves the highest accuracy but with
the greatest cost burden (~$7500 USD per model).

This trend reflects each method’s mechanism. Prompt-based methods rely on lexical or phrase-level, bit-by-bit translation
rather than direct parameter adjustments, which explains their speedy development but limited domain precision. PEFT
methods introduce lightweight trainable modules to enhance the accuracy of domain-specific tasks while preserving
pre-trained linguistic knowledge in resource-rich languages. SDRRLs cross-lingual self-distillation enables transfer of
linguistic knowledge from resource-rich languages, explaining the marginal lead over other fine-tuning methods.

4.2. Implications and Significance

The findings presented here underscore meaningful advances in adapting large language models to low-resource languages,
opening promising pathways for broader Al accessibility. These evaluations highlight that, despite varying in strengths across
methods, parameter-efficient fine-tuning (PEFT) methods—particularly adapters and prefix tuning—strike an effective
balance between performance, cost-efficiency, and ease of implementation. Their modular and parameter-minimal
approaches significantly reduce computational overheads, enhancing their practicality for deployment by smaller enterprises
or individual developers. Nonetheless, ongoing research should focus on creating standardized evaluation metrics and
customizable frameworks to accommodate diverse linguistic structures and data availability. Recognizing these factors will
further improve method selection and optimization, ultimately contributing to a more inclusive and effective Al landscape. By
continuing to refine these adaptable methods, the research community can better serve diverse linguistic populations,
fostering equitable technological benefits across previously underserved communities.

4.3. Limitations

Limitations include the absence of a standardized benchmark dataset for comprehensive comparison across different
methods, potential biases introduced by qualitative rather than quantitative assessment criteria, and inherent disparity of
linguistic complexity amongst low-resource languages.

First, the comparison of the methods was done qualitatively. This is because there are no fair, comprehensive tests to assess
the performance of all of the methods, so different papers used distinct methods to assess their models.

Furthermore, performance varies between low-resource languages. For example, RePP may have performed extensively with
English-German but may not have performed better in another low-resource language. This is because even within
low-resource languages, the amount of data and their distinct linguistic structure vary. This sheds light on specific
language-focused models.
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