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Abstract

While dictionary-based approaches have shown
promise in applying Large Language Models
(LLMs) to generation tasks such as Neural Ma-
chine Translation (NMT), existing studies over-
look several key challenges. Most methods rely
on full or rule-selected dictionaries for prompt-
ing, assume that all dictionary entries are ef-
fectively utilised by LLMs, and construct dic-
tionaries from bilingual parallel corpora, each
of which limits performance. We propose a
new dictionary-based translation framework
that addresses these issues by fine-tuning LLMs
with LoRA to autonomously select salient dic-
tionary entries, choosing translations with the
highest dictionary utilisation, and introducing a
Multilingual Lexicon Induced Dictionary that
leverages multilingual parallel corpora to im-
prove dictionary quality. Experiments on the
FLORES benchmark across multiple languages
demonstrate the superior performance of our
framework.

1 Introduction

Large language models (LLMs) have demonstrated
impressive capabilities across a wide range of appli-
cations. These capabilities include, but are not lim-
ited to chain-of-thought reasoning abilities (Wang
et al., 2023; Wei et al., 2024), and multilingual neu-
ral machine translation (Zhu et al., 2024). More
recently, dictionary-based methods effectively im-
prove multilingual capabilities by incorporating
multilingual word mappings (Lu et al., 2024) or
bilingual word mappings (Ghazvininejad et al.,
2023) into the prompt.

Although dictionary-based generative methods
have shown promise, they still face at least three
underexplored challenges. First, most methods use
all matching dictionary without inspecting their im-
portance, which causes potential redundant token
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Figure 1: In the first stage of dictionary inference, we
construct dictionaries using multilingual parallel sen-
tences. These dictionaries are then used to train a neural
dictionary selector, which identifies those yielding the
best translation performance. The trained selector is sub-
sequently employed to choose the optimal dictionaries.
During the final translation, multiple different candi-
dates are randomly generated with fixed hyperparame-
ters, and the Endorsement Rate Vote (ERV) mechanism
is applied to maximise dictionary utilisation among ran-
dom translation generations. Note that the heuristic
dictionary is constructed by searching the most useful
dictionary entries. Such searches are done by adding
and trying the dictionary and checking the quality with
the reference. Here, the development set to select dictio-
naries and the test set are different to avoid test leakage.

usage. Second, LLMs may not follow the prompt
instruction to fully utilize the provided dictionaries.
Third, the dictionaries are usually automatically cu-
rated, and the construction process of dictionaries
can be further improved. To address these issues,
we propose a novel dictionary-based translation
framework for LLMs called Selective Dictionary-
based Translation with Endorsement Rate Vote and
Multilingual Lexicon Induced Dictionary (SeEM)
to resolve the underexplored problems.

Regarding the first challenge, Lu et al. (2024)
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has shown that LLMs do not have to use all stop
words for translation, and removing stop words can
improve both token efficiency and the final perfor-
mance on some languages. This is attributed to the
fact that providing excessive content can degrade
LLMs’ performance (Shi et al., 2023). Given that
the greedy string-match full dictionary has been
dominantly used in this area, it can be linked with
the supported capabilities of LLMs in recognising
unknown and known knowledge to them (Amayue-
las et al., 2024). To this end, SeEM proposes Selec-
tive Dictionary-based Translation, which fine-tunes
LLMs to identify and select the most relevant dic-
tionary entries. The training data is constructed
by evaluating which dictionary subsets yield the
greatest improvements in translation quality.

About the second challenge, we suspect that the
dictionary usage is not guaranteed, because LLMs
do not always follow human instructions given in
the prompt (Lou et al., 2024). Our experiments
further confirm this observation. To quantify dic-
tionary usage, we introduce a novel metric, dictio-
nary endorsement rate, which measures whether
the generated output includes the desired dictionary
entries. Then, to enhance dictionary usage, we pro-
pose Endorsement Rate Vote, a selection strategy
that chooses the candidate translation with the high-
est dictionary endorsement rate among multiple
generations.

The third challenge concerns the construction
of dictionaries, which remains an underexplored
and insufficiently evaluated process. One approach
involves using LL.Ms for dictionary induction (Lu
et al., 2024; Ghazvininejad et al., 2023); however,
this method, commonly referred to as Bilingual
Induction (Li et al., 2023) remains imperfect and
leaves significant room for improvement. We pro-
pose a novel method called Multilingual Lexicon
Induction to improve the accuracy in generating a
dictionary by providing multilingual parallel sen-
tences. This is motivated by the fact that multilin-
gual data can enhance downstream bilingual tasks
(Eisenschlos et al., 2019; Lai et al., 2022).

Overall, we propose SeEM, which is illustrated
in Figure 1. SeEM clearly improves the dictionary-
based translation method and is composed of the
following three units:

* Selective Dictionary that fine-tunes LLMs to
identify and select the most useful dictionary
entries, outperforming existing selection base-
line methods obviously.

* Endorsement Rate Vote that selects the gener-
ation with the highest dictionary endorsement
rate among multiple candidates.

» Multilingual Lexicon Induction that leverages
multilingual parallel corpora to build a dictio-
nary with higher quality.

2 Prior Works

Neural Machine Translation on Large Lan-
guage Models Prompting large language mod-
els (LLMs) for translation tasks is a popular re-
search direction. Most existing methods focus
on using LLMs for translation through simple
instruction-based prompts such as “ITranslate to
{language_name}: text’ (Brown et al., 2020; Lin
et al., 2022; Le Scao et al., 2022; Zhang et al.,
2022; Rezaeimanesh et al., 2025). In addition to
those standard prompts, prior works have explored
how the prompts can affect the translation qual-
ity(Reynolds and McDonell, 2021; Wang et al.,
2023; Garcia and Firat, 2022). Furthermore, se-
lecting samples similar to the source sentence for
in-context learning is also useful for translation
with LLMs (Agrawal et al., 2022; Vilar et al., 2022;
Pei et al., 2025). LLMs have scaled their supported
language for translation to at least hundreds of lan-
guages (Lu et al., 2024; Cui et al., 2025). How-
ever, their performance remains inferior to state-
of-the-art NMT models on certain language pairs
(NLLB-Team, 2022), and there is ongoing research
on improving translation with LLMs.

Dictionary-based Translation on NMT Re-
search on dictionary-based translation with LLMs
(Ghazvininejad et al., 2023; Lu et al., 2024) is
closely related to a prior research line using lexi-
cal constraints for the task of MT. The line can be
categorised into either hard constraints (Hokamp
and Liu, 2017; Post and Vilar, 2018) or soft con-
straints (Song et al., 2019; Dinu et al., 2019; Chen
et al., 2021). The former are stricter than the latter,
and methods are applied at different steps, such
as decoding (Post and Vilar, 2018) and training
(Dinu et al., 2019). Also, Zhang and Zong (2016)
uses a bilingual dictionary to include rare or un-
seen words, which are lacking from the bilingual
training data, to improve NMT models. Similarly,
Arthur et al. (2016) improves the rare word transla-
tion using dictionaries along with attention vectors
for estimating corresponding dictionary probabil-
ities. Moreover, Hamilédinen and Alnajjar (2020)
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also uses dictionaries to generate synthetic parallel
training data to improve NMT models.

Dictionary-based Translation on Large Lan-
guage Models The use of dictionaries in LLM-
based translation is a relatively recent research di-
rection. Ghazvininejad et al. (2023) uses bilin-
gual dictionaries to improve translation on LLMs.
Lu et al. (2024) further uses chained multilingual
dictionaries to enhance machine translation with
LLMs by leveraging intermediate auxiliary lan-
guages. Zhang et al. (2024) investigates the use
of dictionaries even on unseen languages on LLMs.
Nielsen et al. (2025) also investigates the use of
string-match lexicons as dictionaries.

3 LLM Translation with SeEM
3.1 Translation with Large Language Models

We conduct experiments on the task of neural ma-
chine translation (NMT) using LLMs with access
to external dictionaries. The objective is to trans-
late source-language sentences into target-language
equivalents while preserving their original meaning.
The LLMs are optimised to maximise the following
likelihood:

T
P(t|i,s,d)=][P@|t,...5-1.1,s,d),
j=1

where T represents the length of the translation
output and t} represents the translation word at the
position j that are to be generated. s represents
the input sentence to be translated, d represents the
dictionary entries that are provided to LLMs for
reference. % represents the translation instruction.
We use the following translation instruction:

We have the following dictionaries: <dictio-
nary>.

Given the dictionaries, translate the follow-
ing sentence from <source language> into
<target language>: <source sentence>

\

3.2 Neural Dictionary Selection

However, using neural methods to select dictionary
entries d remains an underexplored area. Most
prior studies directly provide the entire string-
matched dictionary to the prompt, regardless of
its actual utility for translation. Yet, not all en-
tries contribute equally to translation quality. To
achieve a better trade-off between token efficiency

and performance, it is desirable to measure which
dictionaries are more important to the translators
and translations, meaning which dictionaries can
bring better translation performance. This further
reduces the number of dictionary entries included
in the prompt. We investigate neural dictionary
selection methods to automatically identify dictio-
naries with higher token efficiency. We formally
define this task using the following formula:

D = Model(D, Task, V),

where Model is a neural-based selection model,
which is tuned to select a subset of dictionary en-
tries D from the full dictionary D for succeeding
downstream Task. We define a dictionary size
hyper-parameter V which is lower than the full dic-
tionary size, and the selection model is optimised
to seek a better subset of the dictionary which has
a dictionary size of V. The goal is that the dic-
tionary should be selected to maximize the final
downstream performance on the Task.

In order to construct the training data to ob-
tain such a neural selection model, we need to
know which dictionary entries are better and hence
should be selected. We first construct dictionaries
following prior work (Lu et al., 2024) using the
following prompt with GPT-40-mini:

English:<en_sentence>
<lang>:<lang_sentence>

Please output the corresponding English-
<lang> dictionary in each word. The format
must be as follows: A’ means 'B’;

We feed each dictionary entry into translation:

Translate the following sentence from lang
to English.

<origin_sentence>

Use the provided dictionary to clarify or
improve the translation of any misaligned
words.

- Here is a dictionary that you need to focus
on: <dict>

Note: only respond to me with the final
English translation. Your output format is
as follows:

The refined translation is:

To construct the heuristic dictionary as in Figure
1 to train the neural selector, we try each dictionary

4811



entry on translation on the dev set of FLORES,
and we evaluate the combined improvements in
BLEU and chrF++ scores, and use the dictionary
entries that yield the highest gains as the training
labels for training the neural dictionary selection
model. Given an input sentence, the model predicts
a subset of source-side dictionary entries, which are
subsequently used for string matching to construct
the final dictionary for translation.

3.3 Endorsement Rate Vote

Since LLMs do not always follow instructions and
do not always have to use the suggested dictionary
entries, we propose a new metric called endorse-
ment rate as follows:

_ld

E=,
|d|

ey

where F represents the endorsement rate, |d| repre-
sents how many suggested target dictionary entries
exist in the generated translation, and |d| represents
the total number of suggested dictionary entries.
These metrics are calculated with the generated
multiple translations as the inputs and are individu-
ally calculated, as in Step 4 in Figure 1.

Empirically, we observe that translation perfor-
mance tends to improve as the endorsement rate
increases, a trend that will be further demonstrated
in the subsequent sections.

Therefore, SeEM proposes a novel method
called Endorsement Rate Vote, which selects the
one with the highest endorsement rate as the final
translation out of multiple translations.

3.4 Multilingual Lexicon Induction

The dictionary construction stage is an interesting
while understudied problem. Some prior works
have formulated it as a bilingual lexicon induction
problem, where bilingual parallel sentences are fed
into LLMs to align words (Li et al., 2023).
However, Lu et al. (2024) demonstrated that
leveraging high-resource languages as auxiliary

'One finding in previous dictionary experiments is that
the better the dictionary is, the better the translation will be
(Lu et al., 2024). This paper assumes that the reverse side
holds, and the better the translation is, the better the dictionary
is. Since chrF++ (Popovié, 2015) and the BLEU (Papineni
et al., 2002) are typical evaluation metrics which have been
proven to be useful to evaluate machine translation systems,
we adopt them to evaluate and choose dictionaries. We use
experiments to verify this assumption. To further verify that
our method is better than simply choosing the words with the
lowest frequency, we also compare with a relevant baseline
(Lu et al., 2025)

information can enhance downstream task perfor-
mance. Inspired by this finding, we adopt a similar
approach for the task of bilingual lexicon induc-
tion and further introduce a new task: multilingual
lexicon induction. In this task, large language mod-
els (LLMs) are provided with parallel sentences
in multiple languages to facilitate more accurate
word alignment. Specifically, we use the following
prompt to construct the dictionary:

English: <English_sensentence>;

<lang>: <lang_sentence>;

French: <French_sen>

Please output the corresponding English-
<lang>-French dictionary for each word.
The format must be as follows: A’ means
B’ means 'C’;

Note that here, French is used as the auxiliary
language. We only use the bilingual dictionary for
the succeeding translation. We do not include the
auxiliary language dictionary to make the compari-
son fair. As a result, any observed improvements
can be attributed to enhanced word alignment.?

4 Experimental Setup

4.1 Dataset and Evaluation Metrics

We conduct our experiments on the task of ma-
chine translation using the FLORES benchmark
(NLLB-Team, 2022). Specifically, we evaluate
performance across 50 languages, each with ap-
proximately 1,000 test instances. For the met-
ric, we report the chrF++ (Popovi¢, 2015) and
the BLEU (Papineni et al., 2002) provided by
the sacreBLEU repository with default signa-
ture.> We use chrF++ signature of the param-
eters with nworde=6, ncorder=6, beta=2. We
use BLEU signature of ngram=4, weights=(0.25,
0.25, 0.25, 0.25), smoothing=method1, smooth-
ingfunction=SmoothingFunction().method1, tok-
enizer=nltkwordtokenize. We conduct evaluation
with COMET scores using wmt22-comet-da* (Rei
et al., 2020) throughout this paper.

The orders are not always correct, but it is mostly correct
(over 95%) and does not give a large impact to the results. The
order problem was tested in Lu et al. (2024), and there are
some matters, but they do not affect the performance much.

3https://github.com/mjpost/sacrebleu

*https://github.com/Unbabel/COMET
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4.2 Models

LLMs For better reproducibility, our experi-
ments are conducted on both closed-source (GPT-
40-mini) and open-source LLMs (LLaMA-3.1-8B
(Grattafiori et al., 2024), DeepSeek-V3 (DeepSeek-
Al et al., 2024)). DeepSeek-V3 is an Mixture-of-
Expert LLM with 671B model parameters in to-
tal. We use it as a dictionary construction model.
Both of these LLMs are widely known LLMs
with promising multilingual capabilities. We also
note that we use GPT-40-mini and ChatGPT inter-
changeably throughout the paper, and we all refer
to ChatGPT versioned GPT-40-mini in our case.

Fine-tuning the Selector Model For the fine-
tuning experiments aimed at selecting appropriate
dictionary entries, we use Qwen2.5-7B-Instruct,
an open-source large language model. We adopt
LoRA fine-tuning for efficiency and parameter
adaptation (Hu et al., 2022). The full list of fine-
tuning hyperparameters is provided in the Ap-
pendix for reproducibility.

Multilingual Lexicon Induction To construct
dictionaries, we utilise different models and com-
pare their performance. Specifically, we evaluate
both DeepSeek-V3 and GPT-40-mini on this task
and compare them against traditional bilingual lexi-
con induction methods for dictionary construction.

4.3 Baselines

We compare our proposed automatic selection
method against strong baselines.

* Vanilla Baseline We directly ask LLMs to
translate without any additional dictionary.

* Random Baseline We prompt LLMs to trans-
late with randomly selected dictionary entries.

* Noun Dictionary Noun phrases may include
named entities, which can be specialised
terms that can be usually difficult to translate
(Ugawa et al., 2018).

* Adjective Dictionary Adjectives are another
type of word that could be important.

* Noun and Adjective Dictionary Combining
both noun and adjective dictionaries for trans-
lation could be useful too.

* Differ in Round-trip Initially, we employ a
baseline model without a dictionary to trans-
late the source language into the target lan-
guage and then back-translate it (Sennrich

et al., 2016). The dictionary is derived from
the differences between the round-trip transla-
tion and the original source sentences.

 Differ in Translation We start by using a
baseline model without a dictionary to trans-
late the source language into the target lan-
guage. The differences between the transla-
tion and the original target sentences are then
extracted to form the dictionary.

* SLoW This baseline selects low-frequency
words for translation (Lu et al., 2025).

* Selected Dictionary w/o Training This base-
line is a variant that uses a neural selector
without any training.

* Inverse Selected Dictionary w/o Training
This is a baseline with a neural-based selector
directly used without training. We use those
words not selected by the selector.

* Selective Dictionary w/ Training This is a
component proposed in SeEM, with a neural
model trained to select dictionaries.

* Selective Dictionary w/f Training This is a
baseline that uses Selective Dictionary with
filtered words that LLMs can translate in the
development set. We use the LLMs to directly
translate the input; the output is regarded as
those words that the LLMs can translate.

* Selective Dictionary w/f/b Training This
is a baseline that uses Selective Dictionary
with filtered words that LLMs can translate
in the development set. We also enrich this
with back-translation in this baseline by back-
translating the input and translating it into the
output again to include more words.

* SeEM w/o MLI This is the SeEM framework
we propose without Multilingual Lexicon In-
duction (MLI), but with the Selective Dictio-
nary and Endorsement Rate Vote. Instead
of MLI, we use Bilingual Lexicon Induction
(BLI) for dictionary construction.

Note that we use GPT-40-mini for dictionary con-
struction by default, except in experiments specif-
ically evaluating the effect of different models on
dictionary construction.

5 Results
5.1 Main Results

Table 1 and Table 2 summarizes the results on
SeEM compared the strong baseline SLoW on dif-
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Direction # improved > 5 points > 10 points > 15 points |# degraded > 5 points > 10 points
En-X-LLaMA 48/50 47/48 33/48 15/48 2/50 172 172
En-X-ChatGPT | 39/50 25/39 11/39 7/39 11/50 9/11 2/11
X-EN-LLaMA 50/50 49/50 37/50 19/50 0/50 0/0 0/0
X-EN-ChatGPT| 48/50 34/48 19/48 10/48 2/50 172 172
X-X-LLaMA 45/50 39/45 30/45 14/45 5/50 3/5 2/5
X-X-ChatGPT 48/50 46/48 34/48 19/48 2/50 2/2 0/2

Table 1: Statistics of the changes in BLEU scores with SeEM compared to the strong baseline of SLOW on LLaMa
and ChatGPT on the FLORES dataset. Most translation directions have been obviously improved. Note that we
select the lowest scores here among SeEM variants for the comparison for each language pair.

Direction # improved > 5 points > 10 points > 15 points|# degraded > 5 points > 10 points
En-X-LLaMA 49/50 47/49 35/49 22/49 1/50 171 0/1
En-X-ChatGPT | 36/50 23/36 15/36 7/36 14/50 11/14 3/14
X-EN-LLaMA 50/50 49/50 37/50 20/50 0/50 0/0 0/0
X-EN-ChatGPT| 48/50 36/48 21/48 12/48 2/50 172 172
X-X-LLaMA 44/50 41/44 32/44 22/44 6/50 4/6 4/6
X-X-ChatGPT 48/50 46/48 34/48 22/48 2/50 2/2 0/2

Table 2: Statistics of the changes in BLEU scores with SeEM compared to the strong baseline of SLOW on LLaMa
and ChatGPT on the FLORES dataset. Most translation directions have been obviously improved. Note that we
select the lowest scores here among SeEM variants for the comparison for each language pair.

ferent language pairs on both LLaMA and Chat-
GPT, reported with both chrF and BLEU scores.
Clearly, SeEM reports higher results on most re-
sults. For example, it reports 50/50 wins on X-EN-
LLaMA. The worst results is on En-X-ChatGPT,
with 36/50 wins. Still, this clearly shows SeEM’s
advantage as we are choosing the lowest score
among SeEM variants for each language pair,
which is a harder setting for SeEM.

For more baselines, Figure 8 in Appendix
presents results on GPT-40-mini, and Figure 9
shows results on LLaMA3. SeEM consistently
outperforms all baselines—including its own ab-
lated variants—across all evaluation settings. This
demonstrates the effectiveness of SeEM. Among 50
languages, we have the following statistics. SeSEM
(with variants included) achieves 50/50 best results
on both GPT and LLaMA across all translation
directions. SeEM (with variants excluded, SeEM
w/ GPT-MLI) yields 41/50 best scores on GPT
and LLaMA on EX (English into other languages),
50/50 best scores on XE (other languages into En-
glish). It yields 50/50 best scores on GPT and
48/50 best scores on LLaMA when translating on
XX (from other languages into other languages).

For the detailed number, we report the chrF++
scores with SeEM w/ GPT-MLI compared to the

selected dictionary without training (we brief as
‘baseline’ in this paragraph). On the EX task,
SeEM scores 73.27 vs. 55.04 on GPT and 63.13 vs.
38.51 on LLaMA. On XE, SeEM achieves 85.82
vs. 60.51 on GPT and 83.90 vs. 51.00 on LLaMA.
On XX, SeEM scores 68.97 vs. 54.21 on GPT and
58.81 vs. 35.50 on LLaMA. In all cases, SeEM
outperforms the baseline by a large margin.

We also report case studies in the Appendix
along with their chrF++ scores on LLaMA. We
observe that SeEM outperforms other baselines
and variants clearly in terms of chrF++ scores.

5.2 Main Results on COMET Scores

SeEM gives the best results on all its variants
and other baselines. This verifies the effective-
ness of SeEM, compared to a competitive base-
line using the selected dictionary without training.
Among 50 languages, we have the following statis-
tics. SeEM (with variants excluded, SeEM w/ GPT-
ML) yields 50/50 the best on GPT and 48/50 the
best LLaMA on XE. It gives 38/50 on GPT and
44/50, the best on LLaMA on EX. It gives 35/50
on GPT and 49/50 the best on LLaMA on XX.
For the detailed number, we report here the
COMET scores with SeEM w/ GPT-MLI compared
to a selected dictionary without training (we brief
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Direction Model ‘ Coverage ‘ Avg. CHRF ‘ Win Rate
Translation ~ Dictionary | BLI MLI | BLI MLI |
GPT-4o-mini GPT 73.27% 81.90% | 58.99 73.27 | 40/50

EX DPK 56.36% 75.29% | 63.04 66.93 | 49/50

LLaMA GPT 7327% 81.90% | 52.92 63.13 | 42/50

DPK 56.36% 75.29% | 56.20 61.71 |  49/50

GPT-doomini GPT 62.25% 81.90% | 73.93 85.82 | 48/50

XE DPK 52.04% 79.35% | 70.13 7535 | 50/50
LLaMA GPT 62.25% 81.90% | 69.56 83.90 | 48/50

a DPK 52.04% 79.35% | 66.50 71.70 | 50/50

GPT-doomini GPT 82.70% 87.95% | 65.05 68.97 | 43/50

X o DPK 80.29% 85.48% | 62.06 65.57 | 40/50
LLaMA GPT 82.70% 87.95% | 54.45 58.81 | 43/50

a DPK 80.29% 85.48% | 50.77 54.44 | 42/50

Table 3: Ablation results on SeEM with MLI. We report both the dictionary coverage rate for the constructed dictio-
nary against the ground-truth parallel sentences for dictionary construction, as well as the translation performance.
This is calculated by the number of matching constructed dictionaries in the ground truth against the total number of
words in the parallel sentences. The entries are treated as matching only if both the source word and target word are
in the sentences. We experiment with the dictionary created with GPT and DeepSeek to be used for translation on

GPT-40-mini and LLaMA.

as ‘baseline’ in this paragraph). SeEM yields 72.57
versus baseline 67.34 on EX on GPT. SeEM yields
60.66 versus baseline 51.69 on EX on LLaMA.
SeEM yields 81.70 versus baseline 74.69 on XE
on GPT. SeEM yields 73.25 versus baseline 66.07
on XE on LLaMA. SeEM yields 67.96 versus base-
line 62.45 on XX on GPT. SeEM yields 48.69 ver-
sus baseline 44.06 on XX on LLaMA. We also
note that not all languages are supported by the
COMET model we use. However, English are well-
supported for all XE translation. Note that we re-
lease additional results on BLEU in the Appendix
for space reasons.

5.3 Analysis on BLI versus MLI

Table 3 compares the performance of our proposed
Multilingual Lexicon Induction (MLI) with the
baseline Bilingual Lexicon Induction (BLI) in the
task of dictionary construction for machine transla-
tion. Overall, MLI consistently outperforms BLI
across all settings in terms of both translation qual-
ity and win rate.

For instance, on GPT-40-mini translation, dictio-
naries constructed with MLI yield higher average
chrF++ scores than those from BLI when using
either GPT or DeepSeek (DPK) for dictionary cre-
ation. Specifically, MLI achieves 73.27 vs. 58.99
with GPT and 66.93 vs. 63.04 with DPK on the EX

(English—X) task. Similar trends are observed on
LLaMA, where MLI shows notable gains across
directions compared to BLI.

Moreover, MLI delivers higher win rates in al-
most all scenarios, demonstrating its robustness
and broader coverage. For example, on the XE
(X—English) task, MLI achieves a perfect 50/50
win rate for both GPT-40-mini and LLaMA when
using DPK, outperforming BLI by a clear margin.

Due to space constraints, Table 3 presents only
average scores and win rates. Complete results,
including coverage rates and chrF++ scores for
each language, are provided in Table 5, Table 6,
and Table 7 in the Appendix.

The consistent improvements in both chrF++
scores and win rates across models, translation di-
rections, and dictionary sources indicate that incor-
porating multilingual signals enables more accurate
word alignment and better lexical coverage than tra-
ditional bilingual approaches. This consistently im-
proves translation performance. This confirms that
MLI is a superior strategy for enhancing dictionary-
based translation in multilingual settings.

We also note that using GPT and DeepSeek for
constructing dictionaries can give obviously dif-
ferent performance, where GPT seems to be bet-
ter across GPT-40-mini and LlaMA. This means
that the dictionary construction model should be
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Metric Model Method EX XE XX
ChatGPT SeEM w/GPT-BLI w/o ERV ~ 0.7803  0.5572  0.7082
Util SeEM w/GPT-BLI w/ ERV 0.8469 0.6514 0.7576
LLaMA SeEM w/GPT-BLI w/o ERV  0.6514 0.5376  0.6233
SeEM w/GPT-BLI w/ ERV 0.8118 0.6565 0.6490
SeEM w/GPT-BLI w/o ERV 4/50 0/50 5/50
ChatGPT
. . SeEM w/GPT-BLI w/ ERV 46/50 50/50 45/50
Util. Winning Rate
LLaMA SeEM w/GPT-BLI w/o ERV 1/50 0/50 9/50
SeEM w/GPT-BLI w/ ERV 49/50 50/50 41/50
EM - . . .
ChatGPT Se w/GPT-BLI w/o ERV  57.43 63.35 56.44
SeEM w/GPT-BLI w/ ERV 58.99 73.93 65.05
chrF++
LLaMA SeEM w/GPT-BLI w/o ERV  47.50 57.67 45.32
SeEM w/GPT-BLI w/ ERV 52.92 69.56 54.45
ChatGPT SeEM w/GPT-BLI w/o ERV  16/50 0/50 0/50
.. SeEM w/GPT-BLI w/ ERV 34/50 50/50 50/50
chrF++ Winning Rate
LLaMA SeEM w/GPT-BLI w/o ERV 8/50 0/50 4/50
SeEM w/GPT-BLI w/ ERV 42/50 50/50 46/50

Table 4: Ablation results on SeEM with ERV. Util. represents the dictionary coverage rate for the translation. ERV
represents endorsement rate vote. This table represents the Util. and chrf statistics for SeEM with ERV and without
ERV. The winning rate is reported for 50 languages from the FLORES dataset. Overall, we can see that the Util.
are usually improved with ERV, and such improvements consistently exist with the improvements in chrF++. This
aligns with our initial expectations to use ERV to increase Util. to improve the final translation performance.

selected carefully to maximise the performance.

For space reasons, Table 6 in Appendix presents
the analysis on matched entries’ frequency with
BLI and MLI. The lower avearged score on fre-
quency may suggests the better ability of MLI in
matching rare words.

5.4 Analysis on ERV and latency

Table 4 reports the results of an ablation study eval-
uating the impact of the Endorsement Rate Vote
(ERV) mechanism within the SeEM framework.
Two key observations emerge from the compari-
son between SeEM w/ and w/o ERV: 1) Improved
Dictionary Utilization: Incorporating ERV consis-
tently leads to higher dictionary coverage across
all translation directions (EX, XE, XX) and both
models (ChatGPT and LLaMA). For example, on
GPT-based EX translation, dictionary utilization
improves from 0.7803 to 0.8469 with ERV. ii) En-
hanced Translation Quality: ERV also brings con-
sistent gains in chrF++ scores. For instance, chrF++

increases from 57.43 to 58.99 on GPT EX, and
from 47.50 to 52.92 on LLaMA EX.

For space reasons, we leave latency analysis
in Appendix D, which shows acceptable latency
(+10%) with SeEM on the best setting.

6 Conclusions

We propose a novel dictionary-based translation
framework for LLMs called Selective Dictionary-
based Translation with Endorsement Rate Vote and
Multilingual Lexicon Induced Dictionary (SeEM).
SeEM is composed of three units. The first unit
uses LoRA to train neural selectors to obtain the
final translations. The second unit uses the En-
dorsement Rate Vote to enhance the instruction
following capabilities of LLMs, which selects the
translations that best use the dictionary entries. The
third unit proposes Multilingual Lexicon Induction
that improves the dictionary construction. Experi-
ments on the FLORES dataset with EX, XE, and
XX directions suggest the effectiveness of SeEM.
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Limitations

Current methods relevant to model training are lim-
ited to LoRA experiments with small LLMs, which
is due to resource limitations. Yet, such circum-
stances simulates a model usual use case, which
reduces the user entrance barrier.

Ethical Statement

We honour and support the ACL ARR Code of
Ethics. The datasets used in this work are well-
known and widely used, and the dataset pre-
processing does not make use of any external tex-
tual resource. In our view, there is no known ethical
issue. End-to-end pre-trained LLMs are also used,
which are subject to generating offensive content.
But the above-mentioned issues are widely known
to commonly exist for these models. Any content
generated does not reflect the view of the authors.
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Appendix
A LoRA Finetuning Hyperparameters

Hyperparameter Value
quantization_bit 4
stage sft
do_train true
finetuning_type lora
lora_target all
template qwen
cutoff_len 1024
max_samples 3000
overwrite_cache true
preprocessing_num_workers 16
logging_steps 10
save_steps 500
per_device_train_batch_size 1
gradient_accumulation_steps 8
learning_rate 1.0e-4
num_train_epochs 10.0
Ir_scheduler_type cosine
warmup_ratio 0.1
bf16 true

Table 5: A list of hyperparameters used in our fine-
tuning experiments.

B Additional Results on BLEU Scores

We present the BLEU results on GPT-40-mini in
Figure 10 (Appendix), and on LLaMA in Figure 11.
Overall, SeEM consistently achieves the best per-
formance across all its variants and against all base-
lines, demonstrating its effectiveness compared to
a strong baseline that uses a selected dictionary
without training. Across 50 languages, the sum-
mary statistics are as follows: SeEM (including
all variants) achieves 50/50 best results on both
GPT and LLaMA for XE (other languages to En-
glish). For EX (English to other languages), it
achieves 50/50 on GPT and 40/50 on LLaMA. For
XX (non-English to non-English), it reaches 50/50
on GPT and 49/50 on LLaMA. SeEM (with vari-
ants excluded, SeEM without variants (i.e., SeSEM
w/ GPT-MLI) achieves: 40/50 best scores on GPT
and 38/50 on LLaMA for EX; 49/50 on GPT and
50/50 on LLaMA for XE; 50/50 on GPT and 48/50
on LLaMA for XX.

For the detailed number, we report here the
BLEU scores with SeSEM w/ GPT-MLI compared
to selected dictionary without training (we brief as
‘baseline’ in this paragraph). SeEM yields 43.52
versus baseline 26.04 on EX on GPT. SeEM yields

34.11 versus baseline 11.69 on EX on LLaMA.
SeEM yields 55.69 versus baseline 31.53 on XE on
GPT. SeEM yields 53.95 versus baseline 22.59 on
XE on LLaMA. SeEM yields 39.72 versus baseline
25.55 on XX on GPT. SeEM yields 30.12 versus
baseline 8.37 on XX on LLaMA.

C Frequency Analysis on MLI and BLI

Category BLI MLI

Very Rare (zipf<2) 2.7% 3.4%

Rare (zipf 2-4) 11.9% 12.3%

Common (zipf 4-6) 46.2% 46.5%

High-freq (zipf > 6) 39.3% 37.8%
Avg entries per sentence 22.27 21.7
Mean Zipf frequency 5.44 5.37

Table 6: The frequency analysis on MLI and BLI, con-
structed with 1,012 samples from FLORES dev set.

D Cost Analysis

Method Latency (s) Overhead
Vanilla LLM (0-shot) 2.06 —
Selector only (batchsize=1, single) 0.996 —
SeEM w/o ERV (selector+translation) 3.01 [0.996+2.014] +46%

SeEM w/ ERV (n=5)(selector+translation) | 3.03 [0.996+2.034] +47%

Selector only (bs=8, batched) 0.181 —
Selector only (bs=16, batched) 0.118 —
Selector only (bs=24, batched) 0.073 —

Table 7: We presents the analysis here for the SeEM
inference. When we do batching for ERV (n=5) vs
w/o ERYV, it adds +0.02s more time. If we do selector
speedup via batching, it does 0.996s — 0.181s (82% re-
duction) on SeEM. So for the best setting, the addtional
averaged latency is 0.201s with SeEM on our setting.

The translation model (GPT-40-mini, etc.) is
called via APIL. GPU: single NVIDIA 4090
Qwen?2.5-7B-Instruct serves as the local Selector
after fine-tuning. Analysis: The Selector is the
primary source of additional overhead in SeEM,
but this step can be batch-processed by increasing
the batchsize. ERV operates in parallel, so the to-
tal latency is nearly equivalent to that of a single
translation. The average per-sentence latency is
shown in Table 7: (In single-sentence testing, the
SeEM stage first runs the Selector and then the
Translation; in actual processing, the Selector is
batch-processed first, and then the dictionary en-
tries are incorporated into the translation task.)

E Cases
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Source Sentence (eng_Latn): USA Gymnastics supports an indey t investigation that may shine light on how abuse of the proportion
described so courageously by the survivors of Larry Nassar could have gone undetected for so long and embraces any necessary and
appropriate changes.

Target Sentence (bam_Latn): USA Jiminasitiki be dtm&do pinnin kErtnkérénnen d> ma min be na se ka tipt bange cogo kan min ka
damatEméwale lakalira mabalolenw f€ ni timi diva ye cogo min ni Larry Nassar sera ka tEm¢ ka m&€ kasoro a ma ye ni ka se ka
falenniw k& minw tun ka kan ka k&.

Maodel Chrf Translation
Name
Vanilla 20.53 USA Gymnastics be b ke fe ka fl kela kan bee ke beeya la, ni ye fanmuya joya ka taa ka ladilikan ke fala, o ye Larry

Nassar ye sigilanw ve ka korafee min y'a fo ka yereyere ke, a ye sigira kelen don o sisan ko,

Random 3352 USA Jiminasitiki be ba do pinnin kEr€nkErEnnen ke be bange cogo kan, i fEr€ ye men fa do min kelen ye f€ ko survivors
f€ Larry Nassar ke la na bo ko ke kara kono ye fa, a be bo minw fenw ke a ba yera fer€fert f€ ye.

Noun 33.02 USA Jiminasitiki be bee ka da ke kofe, k'a bange don karaya, a la timinandiya ye, o ye Larry Nassar ye kasara a ma bee
ka fa i ka da ba, ni o be ka taa fitila bee, ni USA Jiminasitiki be ka se ka walima ni tile deme ke kofe ve.

Adjective 33.21 USA Gymnastics be kerenkerennen bee ka fe ka taa, kara lakalira mabalolenw kera, ni Larry Nassar sera ka f> a la, o be
ke ke minw tun ka kan ka ke i ka taa don, ni be ba fo tun ka kan ka ke ni ka bee ka,

Noun and 37.33 Jiminasitiki Amerika be k€r€nk€rfnnen do da yira bange la, ka > ko Larry Nassar sera kasora a ma ye tuguya fe koraba

Adjective ve b ka taa, a ni ka tun ka kan ka k€ ni ka folo fe ka ke ani ka fen bee bee,

Differ in 24.95 USA Gymnastics be demedo kerenkerennen da la, ni o be tugu light kan ka f ko karabaya ke jan ni Larry Nassar

round-trip danbiliw ye bee fa ka ceya falenniw i ni tile da, ani be deme minw ka ni ka geleya ladon bee.

Differ in 3311 USA Gymnastics be d€m€do k€rfnk€rfnnen pinnin, be tin€ ka fen ye, ka t€mt’ Larry Nassar fanga bo yors min bee ka fa

translation ko yere keleya la, a be ta kara koara, ani be deme minw tun ka kan ka k€ ani min be tilen ka bonba.

SLoW 40.44 USA Jiminasitiki be ka k€rfnk€rfnnen do deme, k'a tin€ bange ka ke k&€ minw tun ka kan ka k€ Larry Nassar sera ye
fili-fili ve, ani be ka se ka minw fenw b'a la ani fe ka fe.

Selected 28.13 USA Gymnastics be demedo kerenkerennen do la, min be siran ka taa konoya la lakalira mabalolenw bee, o bee ye kasora

dictionary ama ye korabaya fe, ani be be deme falenniw bee min be be se ka bonya ani ka taa kanoya la.

w/0 lraining

Inverse 32.66 USA Jiminasitiki be ba an pinnin min be fisa don kafe la, k’a fa ko abuse fe be kera, ni ko Larry Nassar la ka taanew ve
selected ka fo ko, 1 b’a don waati juguman kelen tuma la, ni be ka se ka yera muso tuma la, ni USA Jiminasitiki be ka se ka fili
dictionary kelen ni min be nye ka bonya ke.

w/0 training

Selective 53.44 USA Jiminasitiki be dfm&do do kErEnkErfnnen min bange ka fe min ka damat®mEwale lakalira mabalolenw £ ka men
dictionary bo min ka keneya ka > Larry Nassar bee ke minw tun ka kan ka k€ keneya ka 5 bo fe ka taa la, o be dooni ka fere ke
w/ training mogakunw ye ka I> ka men yera ni ka fere ke sisan ke,

Selective 58.02 USA Jiminasitiki be d€m€do kErénk€rEnnen da f€ ka bange ka min ka damat€mé&wale lakalira mabalolenw f€ ka m&g
dictionary kan ka k€ k& minw tun ka kan ka k€ ka taa fo Larry Nassar fili k€lenw ye, ka men bee ta fen ni falenniw ferefere ni

w/f training sisanw bee ye.

Selective 57.61 USA Jiminasitiki be dEm&do kfrfnktrEnnen da ft bange bee min ka damat&méEwale lakalira mabalolenw f£ keneva ka
dictionary kasoara a ma Larry Nassar fila k€ minw tun ka kan ka k€ kars la, ni be fa falenniw ni teme ni schen fE.

w/fib

training

SeEM 50.01 USA Jiminasitiki be dEm&do kfrfnk€rén da k€ bange cogo kan la lakalira mabalolenw ¥ fe ka fala kasars a ma Larry
w/DSK-BLI Nassar ye da ko ni baro kene tE€m€ ka tEmf ka kan ka kora, ni be dEm€do falenniw ke ni fe ka fa.

SeEM 57.68 USA Jiminasitiki be d€m&do pinnin kErénkErénnen ds ma min be na se ka tipf bange cogo kan min ka damatEm&wale
w/GPT-BLI lakalira mabalolenw £ ni timinandiya ye cogo min ni Larry Nassar sera ka tEm€ ka m€€ kasoro a ma ye ni ka se ka

falenniw k& minw tun ka kan ka kg.

SeEM 58.69 USA Jiminasitiki be d€mé&do k€rfnk€rfnnen do fe bange ka min ka damat€mé&wale lakalira mabalolenw fe, ke kasoro a
w/DSK-MLI ma Larry Nassar kere yve a ka fala cogo da ka k€ minw tun ka kan ka kE, ani ka falenniw fele ka bora.

SeEM 05,49 USA Jiminasitiki be dEmEdo kfrEnkfrfnnen do la, k’a bange cogo kan min ka damat€mE&wale lakalira mabalolenw f€, ni
w/GPT-MLI kasara a ma ye Larry Nassar la min ye a fa k€1€ya la, ni k€ minw tun ka kan ka k€ i ni juman f€. A be na falenniw bee

min be se ni min be to.

Figure 2: Case study on translating following our proposed framework on EX
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Source Sentence (Modern Standard Arabic (Romanized)): Wa yushakkek al-doktor Ehud Ur, mithil ba3edh al-Subara2 al-aSarin, fi
imkaniyat ashifa2 min marad as-soukari, mushiran ila anna hadhihi annataij laysa laha silaton bil ashkhas al-musabin bi marad as-soukari

min an-naw3i al-awwal.

Target Sentence (eng_Latn): Like some other experts, he is skeptical about whether diabetes can be cured, noting that these findings have no
relevance to people who already have Type 1 diabetes.

Model Chrf’ Translation

Name

Vanilla 42,14 Dr. Ehud Ur, like some other experts, doubis the possibility of a cure for diabetes, pointing out that these results are not
related to individuals with type 1 diabetes,

Random 47.96 And Dr. Ehud Ur, like some other experts, doubts the possibility of cures for diabetes, indicating that these results have
no connection to the people affected by type 1 diabetes.

Noun 62.08 And Dr. Ehud Ur, like some other experts, doubts the possibility of curing diabetes, noting that these findings have no

relevance to people affected by type | diabetes.

Adjective 53.84

Dr. Ehud Ur, like some other experts, is skeptical about the possibility of a cure for diabetes, pointing out that these
results have no connection to people with type 1 diabetes.'

Noun and 59.95 Dr. Ehud Ur, like some other experts, doubts the possibility of a cure for diabetes, noting that these findings have no

Adjective relevance o patients with type | diabetes.

Differ in 54.23 And Dr. Ehud Ur, like some other experts, doubts the possibility of a cure for diabetes, pointing out that these results

round-trip have no relevance to people with type 1 diabetes,

Differ in 57.64 Dr. Ehud Ur, like some other experts, is skeptical about the possibility of a cure for diabetes, noting that these results

translation have no connection to people with type 1 diabetes,

SLoW 08.87 And Dr. Ehud Ur, like some other experts, is skeptical about the possibility of being cured from diabetes, noting that
these findings have no relevance to people suffering from type 1 diabetes.

Selected 54.25 And Dr. Ehud Ur, like some other experts, doubts the possibility of a cure for diabetes, pointing out that these findings

dictionary have no relation to people with type 1 diabetes.

w/o training

Inverse 51.13 And Dr. Ehud Ur, like some other experts, doubts the possibility of a cure lor diabetes, pointing out that these results

selected have no connection to people who are already afflicted with type 1 diabetes.

dictionary

w/o training

Selective 7092 Dr. Ehud Ur, like some other experts, is skeptical about the possibility of a cure for diabetes, noting that these findings
dictionary have no relevance to people with type 1 diabetes.

w/ training

Selective 70.92 Dr. Ehud Ur, like some other experts, is skeptical about the possibility of a cure for diabetes, noting that these findings
dictionary have no relevance to people with type | diabetes.

w/f training

Selective 70.85 And Dr. Ehud Ur, like some other experts, is skeptical about the possibility of a cure for diabetes, noting that these
dictionary findings have no relevance to people with type | diabetes.

w/fib

training

SeEM 72.89 And Dr. Ehud Ur.like some other experts, who is skeptical about whether of a cure for diabetes, noting that these
w/DSK-BLI findings have no relevance to the people afflicted with type | diabetes.'

SeEM 74.51 And Dr. Ehud Ur, like some other experts, is skeptical about whether people can recover from diabetes, noting that these
w/GPT-BLI findings have no relevance to people with type 1 diabetes.'

SeEM 74.57 Dr. Ehud Ur, like some other skeptical experts, is skeptical about whether a cure exists for diabetes, noting that these
w/DSK-MLI findings have no relevance to people who are afflicted with type 1 diabetes.'

SeEM 85.04 Dr. Ehud Ur, like some other experts, is skeptical about whether diabetes can be cured, noting that these findings have no
w/GPT-MLI relevance to people who suffer from type 1 diabetes,

Figure 3: Case study on translating following our proposed framework on XE
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Source Sentence (Central Kanuri (Latin script)): Karuwu kutta jamibe dive saka kasada duwo todin ma sau kela lamars hakku kamubero
gaubedaro katap gotabebe dive ngaworo walatona kuru karmaro nasha waraks hawarabe shima diven amma million kadda mbeji.

Target Sentence (Yoruba): Ikorira agbégbé naa fa agbira lati ko ilina t6 ni se p(:ehi ibx'llbpq' fiin oju opo to gha alejo to nﬁlilénil midia

ghangba.

Model Chrf Translation

Name

Vanilla 20.14 ibanije 16 lagbara yii sele nitori ise aseji ti won se, 1i ko tii mo titi di akoko pela, sighon 6 ye ki a se iyipadi 16 ba ye, ko
le ddabd bo opo éniyan lodoodin,

Random 25,84 Karuwu ko agbeghe naa lati ko ilana kele ni eto kamubero gaubedero flin gotabebe ndd ngaworo waletena kuru korméro
nisa warake hawarebé shima naa amo milionu keta méji.

Noun 33.72 Tkorira to wa ni agbéghé quc pé awon cmyan ko ilana kankan, won si 1balop0 peli awon alejo 1ori ojit opd, nitori naa, o
saro fiin alejo 1ati mo ibi ti won ti i lo. Sigbon awon miirin meta 16 ti fiva je awon million éniyan.

Adjective 21.47 Twa odaran kan sele nigha ti obinrin ajéli kan padé awon okimrin méji 1éyin dkoko td pé, won si se imulolufe peli re
lona ti ko bofin mu ni ghangba, nibi ti opo éniyan to 1é ni miliont méji wa.

Noun and 38.59 Karuwu je agbéghé ti agbéra ko si, sugbon awon eka lati se atileyin ati ¢to awon oliko ni aghégbé nda, peli awon ohun

Adjective &lo midia ghangba miligni méji.

Differ in 29.46 ikorira to lagbara ni agbegbe nda sokinfa ibanije pupo i yori si ilana tuntun nibi i won se pr-.'lu akanse atawon ildna

round-trip tuntun nda, 1o jé pé & yato gan-an ni 4sa ati ibdsepo, 16 si mi ki dwon ome il méa jiya pupo, sigben awon milignu méji
wi nibe,

Differ in 3597 ikorira to wa ni agbegbe naa fa agbara buburu méji ti 6 soro lati da duro, nitori pé aqu et éniyan, isedééde, ati

translation 1bagbepq ti dési. Alejo kan to je aldimo mo sadeédé yaya wolé, 6 si da 1ori pé ajali i bo, sigbon milignd méji 16 1i ni ipa
16ri re.

SLoW 35,93 Tkorira kd ghogbo eko ko 1ori bi a se ko lati gba alejo to jé ibalapg, gbogho ohun to wa fin alejo naa ko roran, sughon
miligni méji ni.

Selected 37.25 Ihoru“a to wa nini agbégbé yii fa agbara to n po sii, ti 6 si se peli ibalopo ati itan midia, sighon o ti ni ipa aimoye leyin ti

dictionary awon ero irdyin ati atgjade yi pada siighon egberin mejo ni won sakoso.

w/o training

Inverse 22.25 Karuwu ati kutta jamibe naa saka kasada lati ko ilana ke lamara hakku kamubero gaubedaro, fim gotabebe naa, ngaworo

selected alejo to karmaro nasha waraka hawarabe, shima naa stigbon million kadda mbeji.

dictionary

w/o training

Selective 41.38 ikorira kiita aghégbé fi fa agbara dird, ti 6 si i sokalé lori ibilopo; awon mii nipa midia gbangba ni won fi soro nipa re,

dictionary stighon 6 16 milioni méji.

w/ training

Selective 42.41 Tkérira tuntun ti farahan ni agbégbe kan ti ni aghéra 1ti yi ilana ibalopo pada, ti 6 si ti di gbangba 16ri midia pé 6 kan

dictionary milignd méji.

wi/f training

Selective 43.30 Tkorira pelit aghéghé naa ni aghdra owd to po lati se lamaré awon ibalopo, ijopo ati awon miidia gbangba td je milionn

dictionary méji.

wifib

training

SeEM 32.26 Ikérira po ni agbégbé vii, nitori agbéra awon olidari ati awon ilina ti won fi i sikoso, ti won se ni afihan, pélt ero

w/DSK-BLI ibénisora ti n gbangba gbogbo dkosile, sighon mewad miliom ki 1 to ikansi.

SeEM 44.99 ikorira ti po ni agbégbé nda, won fa agbara si i, won si tgsiwdji nipa ilana ti to ni €10, pelit ibilopo to po. Nint midia, &

w/GPT-BLI gbangba pé 0 ju milionu méji lo.

SeEM 43.74 Ikonra pu ni agbegbe ti aghira fild wa, ilan 16 dda 16 wa, pell ibdlopo iti ibdsepo 16 po, awon midia gbangba ni imolara

w/DSK-MLI re, siighon egberin milionu méji wa.

SeEM 45.50 Ikorira agbégbé nda ni agbdra, 1land ati lamaré, ati ibdlopo 16 po, peli midia gbangba 16 jé million méji.

w/GPT-MLI

Figure 4: Case study on translating following our proposed framework on XX
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Figure 5: The figure demonstrating the performance of SeEM for translation. Results are reports on SeEM w/GPT-
MLLI, with directions in translating from English into other languages. The performance is reported on both chrf and
dictionary usage.
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Figure 6: The figure demonstrating the performance of SeEM for translation. Results are reports on SeEM w/GPT-
MLI, with directions in translating from other languages into English. The performance is reported on both chrf and
dictionary usage.
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Figure 7: The figure demonstrating the performance of SeEM for translation. Results are reports on SeEM w/GPT-
MLI, with directions in translating from other languages into other languages. The performance is reported on both
chrf and dictionary usage.
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50

0 tgk*min tgk*zho tirtxho tso*ace tso*knc tso*ssw wol*bos wol*hne xho*tum yor*ceb

Figure 8: The figure presents the translation performance of SeEM, evaluated using GPT-40-mini. Results are
reported for three translation directions: (1) English to other languages, (2) other languages to English, and (3)
between non-English languages. Performance is measured using chrF++ scores.
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Figure 9: The figure presents the translation performance of SeEM, evaluated using LLaMA3. Results are reported
for three translation directions: (1) English to other languages, (2) other languages to English, and (3) between
non-English languages. Performance is measured using chrF++ scores.
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Figure 10: The figure demonstrating the performance of SeEM for translation. Results are reports on GPT-40-mini,
with directions in translating from English into other languages, from other languages into other languages, and
from other languages into other languages. The performance is reported in BLEU scores.
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Figure 11: The figure demonstrating the performance of SeEM for translation. Results are reports on Llama, with
directions in translating from English into other languages, from other languages into other languages, and from

other languages into other languages. The performance is reported in BLEU scores.
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