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Abstract
Bilingual Dictionary Induction (BDI) presents significant challenges in distant language pairs, particularly in light
of the non-isomorphic nature and complexity of linguistic structures. This paper systematically evaluates the
performance of unsupervised, supervised fine-tuning, and few-shot prompting approaches on BDI using Large
Language Models (LLMs) on a diverse set of distant language pairs. The unsupervised approach explores the
inherent multilingual capabilities of LLMs without fine-tuning, while the supervised fine-tuning method utilizes
extensive labeled datasets to train models explicitly for BDI tasks. On the other hand, few-shot prompting leverages
minimal examples to elicit accurate responses from the LLMs in a zero-shot or few-shot learning paradigm. Our
experimental results reveal that the 5-shot prompting approach outperforms unsupervised and zero-shot settings in
all cases and surpasses supervised settings in 82.86% of the cases. Few-shot prompting demonstrates robustness
against overfitting, leveraging LLMs’ in-context learning and multilingual capabilities, making it particularly effective
in target-to-source translation, even for morphologically complex language pairs. At the same time, few-shot
prompting in LLM models, such as Llama, remains ineffective for morphologically rich language pairs like En-Mn
and En-Ta in source-to-target BDI tasks. These findings suggest that few-shot prompting is a cost-effective and

powerful alternative for BDI tasks, with future work enhancing BDI tasks in morphologically rich pairs.
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1. Introduction

Bilingual Dictionary Induction (BDI) serves as a
fundamental task in natural language processing
(NLP), enabling the automatic creation of bilingual
dictionaries by aligning word representations be-
tween languages (Ruder et al., 2019). This ca-
pability is critical for the development of cross-
linguistic resources, particularly for applications
such as machine translation (Artetxe et al., 2018b)
and cross-lingual information retrieval (Vuli¢ and
Moens, 2015). Among widely adopted Cross-
lingual word embedding (CLWE) methods, matrix
factorization techniques, such as VecMap (Artetxe
et al.,, 2016, 2017), have demonstrated strong
performance for pairs of linguistically similar lan-
guages. However, their performance deteriorates
for linguistically distant language pairs (Patra et al.,
2019), such as English-Manipuri (En-Mn) (Naorem
et al.,, 2024a), due to challenges including the
non-isomorphic nature, orthographic differences,
and significant linguistic divergence. To further
enhance BDI performance, the contrastive learn-
ing cross-lingual embedding approach (Li et al.,
2022) has emerged as a powerful approach that
combines static word embeddings (VecMap) with
contextual embeddings generated by language
models (LM) and large language models (LLMs).
However, the contrastive learning approach yields
lower performance for linguistically distant and

morphologically complex language pairs, such as
English-Manipuri (En-Mn) (Naorem et al., 2023,
2024a), compared to similar language pairs, like
English-Italian (En-It).

Recent research has explored the potential of
large language models (LLMs) to induce BDI us-
ing a few-shot prompting approach (Li et al., 2023).
This technique involves leveraging the inherent
contextual understanding of LLMs to align em-
beddings with minimal supervision (Brown et al.,
2020), often achieving better results than tradi-
tional VecMap and contrastive learning methods.
However, this study has focused primarily on a
limited set of resource-rich and structurally sim-
ilar language pairs, often neglecting the evalua-
tion of linguistically challenging and distant lan-
guage pairs, such as English-Manipuri (En-Mn),
English-Finnish (En-Fi), English-Turkish (En-Tr),
English-dJapanese (En-Ja) and English-Tamil (En-
Ta). Moreover, evaluation of state-of-the-art LLM
models, such as Llama, remains largely unex-
plored, particularly in the challenging settings men-
tioned above (Li et al., 2023). Most LLM mod-
els possess inherent multilingual properties (Tang
et al., 2024) that can also be leveraged in an un-
supervised manner for BDI. Apart from the unsu-
pervised approach, two predominant paradigms
have emerged in using LLMs for bilingual dic-
tionary induction: few-shot prompting (Li et al.,
2023) and supervised fine-tuning using contrastive
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learning (Li et al., 2022). Few-shot prompting
requires minimal task-specific examples to guide
the model. Although few-shot prompting is less
resource-intensive (Liu et al., 2023; Cheng et al.,
2023), its viability for morphologically complex and
distant language pairs still needs to be explored.
On the other hand, the supervised fine-tuning ap-
proach (Li et al., 2022) involves extensive bilin-
gual dictionary pairs and a much higher computa-
tional cost to fine-tune the model for the BDI task.
Although both methods hold promise, their com-
parative effectiveness and practical implications
remain underexplored, particularly in linguistically
distant pairs and morphologically challenging en-
vironments. Motivated by the concerns mentioned
above, this paper provides a comprehensive eval-
uation of LLMs, focusing on key questions such as:
Is few-shot prompting a feasible alternative to su-
pervised fine-tuning methods for distant and mor-
phologically challenging language pairs ? In sum-
mary, the paper has the following contributions.

(i) The paper presents a first-ever comparative
analysis of BDI performance using large lan-
guage models across unsupervised, super-
vised fine-tuning, and few-shot settings, ex-
amining their applicability and limitations in lin-
guistically challenging and distant language
pairs.

(i) This paper shows that the 5-shot prompt-
ing approach outperforms unsupervised and
zero-shot settings and surpasses supervised
settings in 82.86% of the evaluation cases.
Experimental results also show that few-shot
prompting in LLM models, such as Llama, re-
mains ineffective for morphologically rich lan-
guage pairs like En-Mn, En-Fi, En-Tr, and En-
Ta in source-to-target BDI tasks.

2. Related Work

Previous works on bilingual dictionary induc-
tion (BDI) include various methods. The ini-
tial mapping-based cross-lingual word embedding
model (CLWE) (Mikolov et al., 2013) introduced a
regression-based framework to learn a linear map-
ping function using a bilingual seed dictionary in
which word embeddings from different languages
are transformed into a shared vector space, facili-
tating alignment of similar lexical words. Following
this, a matrix factorization approach (Artetxe et al.,
2016) and its variant (Artetxe et al., 2018a) pro-
posed a closed-form solution commonly known as
VecMap." However, both VecMap and a centrality-
aligned ridge regression-based orthogonal map-
ping (Naorem et al., 2024b) struggled to han-
dle morphologically complex words in BDI tasks.

1https ://github.com/artetxem/vecmap

An empirical investigation in Vuli¢ et al. (2019)
demonstrated that both supervised and unsuper-
vised methods perform poorly in morphologically
rich languages, such as Finnish and Turkish, in
BDI tasks. Morpheme-based approaches that
segment words into their root and suffix compo-
nents were proposed, leading to slight improve-
ments in BDI performance (Ustiin et al., 2019; Chi-
malamarri et al., 2020). In addition, the work in
Czarnowska et al. (2019) introduced 40 morpho-
logically complete dictionaries and highlighted the
severe degradation in BDI performance for less
frequently inflected words. Later, the method pro-
posed in Czarnowska et al. (2020) used a proba-
bilistic model with morphological awareness that
jointly models the translation of the lexeme and
the inflectional morphology. With the rise of con-
trastive learning techniques, cross-lingual words
based on contrastive learning (Li et al., 2022)
was introduced. However, the contrastive learn-
ing approach (Li et al., 2022) showed limitations in
handling morphologically rich languages such as
Finnish and Turkish. Another important contrastive
learning approach that brings the target word with
the same root closer enhances the BDI perfor-
mance for the language pairs where the target
language is morphologically rich (Naorem et al.,
2025). More recently, a method that leverages
LLM proposed a few-shot prompting approach (Li
et al., 2023), achieving state-of-the-art BDI scores
across many language pairs. However, the few-
shot prompting method evaluates only resource-
rich and linguistically closer language pairs, ne-
glecting morphologically complex and distant lan-
guage pairs.

3. Methodology

Three main approaches have emerged that lever-
age LLMs in BDI: Unsupervised, Supervised fine-
tuning through contrastive learning (Li et al., 2022),
and few-shot prompting (Li et al., 2023). Super-
vised fine-tuning is based on large bilingual dic-
tionary pairs and incurs significantly higher com-
putational costs to tailor the model for contrastive
learning in BDI tasks. The unsupervised approach
does not require dictionary pairs for leveraging
LM/LLM instead, it utilizes inherent multilingual
properties in LM/LLM. While few-shot prompting
utilizes the in-context learning abilities of LLMs (Liu
et al., 2024), requiring only minimal bilingual dic-
tionary pairs. Although all three methods show po-
tential, their comparative analysis and advantages
remain under-explored, particularly across distant
language pairs and complex morphological envi-
ronments. The LM/LLM models mentioned in Ta-
ble 2 are evaluated in supervised, unsupervised,
and few-shot settings, as discussed below.
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3.1.

If = = f(z) defines a target language dictio-
nary word of a source language dictionary word
z, a bilingual dictionary pair is defined as D =
{(z,2)|lxr € X,z € Z,z = f(z)} where X and Z
are the words in the source and target languages,
respectively. Given a pair (z;,2;") € D, z; and
z;~ are tokenized using the mBERT tokenizer, giv-
ing the following subword sequences: s1;....s,;,
s12;...8,257, n > 1. The LM/LLM encoding func-
tion fy takes the sequence as input and gives
the average representation of the token in the last
transformer layer as the representation of z; and
2 respectively (Vulié et al., 2020).

For supervised fine-tuning using contrastive
learning, positive samples present in D and neg-
ative samples not present in D are required.
Like in (Li et al, 2022), for a given posi-
tive pair (xi,zj) € D, a hard negative set
S; = {z|(%,27)€D,zj # 2,2, ¢ NN(z;)}
is generated where NN(x;) is the nearest
neighbors of z; from VecMap embedding of
target language excluding z;*.  Similarly, for
the translation of the target-to the source, we
generate the set of negative pairs S, =
{xj | (zi,2]) € D,zj # 2,25 ¢ NN(z;r)} where
NN(z) is the nearest neighbor of z; from
VecMap embedding of the source language ex-
cluding z;.

For supervised fine-tuning, we used the state-of-
the-art contrastive fine-tuning approach (Li et al.,
2022) using a negative pair set S and S, as de-
scribed above.

Supervised Fine-tuning

sim(z;,2;)

loss =
> sim(zs,z) + Y. sim(zj, 2;)
Zje{zj}US; r;E€ESE
(1)
Sim(ﬂfi, Z]) — expcos(fe(fi)-, fo(z;))/T (2)

The final contrastive learning objective function
that fine-tunes the LM/LLM parameters 6 is given
in equations 3.

mein — |E(4,.2+)ep 109(l0SS) (3)

3.2. Unsupervised Setting

In an unsupervised setting, the off-the-shelf av-
erage representation of the token (words) in the
last transformer layer, as mentioned above, with-
out fine-tuning, is taken for BDI evaluation. Given
a pair (z;,2) € D, x; and z;~ are tokenized us-
ing the mBERT tokenizer, giving the following sub-
Word SeqUENCES: $1T;....8,T;, $12; ..8n2; , 1 > 1.
The LM/LLM encoding function fy takes the se-
quence as input and gives the average represen-
tation of the token in the last transformer layer as

Table 1: Best Template for Few-shot prompting (Li
et al., 2023). For 5-shoti =110 5.

n-shot LLM Template
mTDgmall The word ‘2’ in L, is: <mask>.
S mT Bpase Translate the word ‘z’ into L.: <mask>.
@ XGLMsg4m The L, word = in Ly is:
© mGPT 3p Translate the L, word z into L,:
Llama — 3.2y The L, word zin L, is:
M B small [The word «; in L, is z;.]«5
The word z in L. is <mask>.
mT Bpase [The word z; in L, is z;.]«5
The word x in L. is <mask>.
2 XGLMseanr [The word =; in L, is z;.]+5
a The word z in L, is.
mGPTy 35 [The L, word z; in L. is z;.]%5
The L, word zin L, is
Llama — 3.2,5 [The L, word ‘z;"in L, is z;.]«5
The L, word zin L. is

the representation of x; and z;" respectively (Vuli¢
et al., 2020).

3.3. Few-shot Prompting

BDI in the prompting paradigm refers to the task of
extracting word-level translation pairs from a large
language model (LLM) by designing an appropri-
ate prompt (Li et al., 2023). Let ¢, € V, denote a
source-language word from the source vocabulary
Vs, and let V, represent the target-language vocab-
ulary. Given a prompt function ¢(-) and an LLM L,
the objective is to obtain a candidate translation

gz = E((p(fg)),

such that 7, matches the correct target word ¢, €
V.. The prompt ¢(-) steers the LLM L to retrieve
the correct translation across languages. The ef-
fectiveness of BDI based on prompting is essen-
tially dependent on the quality of the prompt ¢(-).

We adopted the standard prompt template com-
monly used by methods leveraging autoregres-
sive LLMs for few-shot prompting (Li et al., 2023).
This study utilized the mask-filling-style-inspired
template with a span-corruption objective for the
encoder-decoder model mT5. Here, <mask> to-
kens are used as placeholders for target words,
as proposed in prompting based BDI method (Li
etal., 2023). The study also used a GPT-style tem-
plate (Li et al., 2023) that leverages a causal lan-
guage modeling objective for the XGLM, mGPT,
and Llama decoder-only models. The GPT-style
prompt induces LLMs to produce the target word
immediately after the repeated input sequence.
We perform both zero-shot and few-shot prompt-
ing using the best templates as proposedin Li et al.
(2023). The template details are given in Table 1.
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Table 2: Model Details

LM/LLM No of Parameters
mBERT 110 Millions
IndicBERTv2-MLM-only 278 Millions
mT5-small 300 Millions
mT5-base 580 Millions
ByT5-base 580 Millions
XGLM 564 Millions
mBART-large 610 Millions
mGPT 1.3 Billion
Llama-3.2 1 Billion

3.4. Model used in Evaluation

For our study, we consider two pre-trained Lan-
guage Models (LM): mBERT (Devlin et al., 2019)
and IndicBERTv2-MLM-only (Doddapaneni et al.,
2023). We also take seven multilingual Large
Language models (LLM): mT54,,q; (Xue et al.,
2021), mT5pase (Xue et al., 2021), ByT5pese
(Xue et al., 2022), XGLMs5g4ps (Lin et al., 2022),
mBART,.q (Tang et al., 2020), mG P11 35 (Shli-
azhko et al., 2024), and Lliama — 3.2:p (et al,,
2024). In addition to LLMs, we also take the
contrastive learning approach (Li et al., 2022) for
the evaluation of BDI as it gives better perfor-
mance than VecMap. For contrastive fine-tuning
of LM/LLM, we used pre-trained m BERTyqs. (EN-
It, En-Fi, En-Hi, En-Tr, En-da, and En-Ta) (Devlin
et al., 2019) and IndicBERTv2-MLM-only (En-Mn)
(Doddapaneni et al., 2023). mT5smai; M 5pases
ByT5basea XGL]\/[564M1 mBAR’I‘largev mGPTlBBv
and Llama — 3.21p, are trained in the continued
training approach (Gupta et al., 2023) to incorpo-
rate Manipuri data. Liama — 3.2, is also trained
in the continued training process (Gupta et al.,
2023) to incorporate Finnish, Turkish, Japanese,
and Tamil languages. The details of the LLM mod-
els are shown in Table 2.

4. Dataset

For the continued training process (Gupta et al.,
2023), this study considers five language pairs:
English-Manipuri (En-Mn), English-Finnish (En-
Fi), English-Turkish (En-Tr), English-Tamil (En-Ta),
and English-dapanese (En-da). For En-Fi, the
Europarl? parallel corpus (Koehn, 2005) extracted
from the proceedings of the European Parliament
is used. The parallel corpus provided in MaCoCu-
tr-en 2.0 (Banén et al., 2023) is used for En-Tr. The
En-Ta parallel corpus from the Bharat Parallel Cor-
pus Collection (BPCC), AI4BHARAT? is used. For
En-Ja, a parallel sub-title corpus (Pryzant et al.,

thtps://www.statmt.org/europarl/
Shttps://aidbharat.iitm.ac.in/bpcc/

Table 3: Statistics of data, LP: Language Pairs

LP Platform sentences words unique words
En-Mn Sangai Express En Mn En Mn En Mn
129546 181553 3.5M 3.3M 15247 24449

+Poknafam+PMI

En-It European Parliament En It En It En It
1.90M 1.90M 49.6M 47.4M 151,017 219,976

En-Fi  European Parliament En Fi En Fi En Fi
192M 1.92M 47.4M 322M 151017 219976
En-Hi  CILT,IT Bombay En Hi En Hi En Hi
1.6M 1.6M 23.8M 24.6M 238,765 392,634
En-Ja  opensubtitles.org En Ja En Ja En Ja
kitsunekko.net 28M 2.8M 23.6M 21.5M 154,276 138,487
En-Ta Al for Bharat En Ta En Ta En Ta
442776 442776 10.3M 84M 79518 314452
En-Tr  MaCoCu-tr-en 2.0 En Tr En Tr En T
1.6 M 1.6M 55.0M 51.5M 411397 884161

2018) extracted from the conversational dialogue
is used for English-Japanese.

Manipuri, also known as Meiteilon, is a low-
resource Tibeto-Burman language widely spoken
in Manipur, a state in Northeast India. It stands
out as a distant language from English due to
its unique language family and intricate morpho-
logical characteristics (morphologically rich) and
sentence structures (subject-object-verb) (Singh
and Bandyopadhyay, 2010a,b; Choudhury et al.,
2004). Due to the limited size of the parallel cor-
pus for En—-Mn, we use the comparable corpus
employed in Naorem et al. (2024a). The compa-
rable corpus is extracted from two prominent on-
line news article platforms in Manipuri: Sangai Ex-
press* and Poknafam®. En-Mn comparable cor-
pus is also extracted from news updates posted
on PMindia® (Haddow and Kirefu, 2020). We
also consider structurally similar language pairs
like En-It using the Europarl parallel corpus. For
English-Hindi (En-Hi), data generated by the Cen-
ter for Indian Languages Technology, IIT Bombay
(Kunchukuttan et al., 2018) are used. This study
considers the bilingual dictionary available at the
Directorate of Language Planning and Implemen-
tation, Government of Manipur 7 for the En-Mn lan-
guage pair and the MUSES library for the En-It, En-
Tr, En-Fi, En-Hi, En-Ja, and En-Ta language pairs.
The details of the data set are given in Table 3.

5. Experimental Setup

5.1.

The hyper-parameter values are N;e,=5, Ny =50,
Niter is the number of iterations in VecMap used

Contrastive learning parameter

*https://www.thesangaiexpress.com/
index.html

Shttp://www.poknapham.in

®https://www.pmindia.gov.in/en/

"https://www.dlpi.mn.gov.in/en/

®https://github.com/facebookresearch/
MUSE
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Table 4: The results of evaluation (P@5) on BDI task over LM/LLM

LM/LLM En>Mn Mn>En En—it li-En En>F FioEn En—Hi Hi-En En—Tr TroEn En—Ja Ja—En En—Ta Ta—En
mBERT/IndicBert 00.44 00.44 1971 1843  01.31 0157  01.71 01.32 1374 1374  04.00 03.22 06.54 06.25
3 mL5aman 00.89 00.46 21.00 2271 0397 0568  01.43 01.18 1440 1497  02.14 02.78 06.97 08.40
2 mT5h 00.14 00.28 1028 1028 0057 0057  00.86  00.88 1243 1257  03.00 03.37 06.14 06.28
2 ByTSpue 00.14 00.00 1800 27.00 0143  03.00  00.43 00.44 1214 1528  01.71 01.76 05.57 05.57
S XGLMsgnr 00.14 00.00 1428 1443  00.86  01.00  00.43 00.44 1243 1243 0171 01.76 06.14 06.14
2 mMBART g 00.57 00.43 1771 1800 0157  01.71 0214 0221 1314 1286 0543 03.08 06.43 06.86
S mGPTsp 00.28 00.14 2571 2871 0128  01.86 0043 00.44 1386 1314  06.28 07.62 06.14 06.14
Llama—32,5  00.00 00.00 1586 1714  01.00 0114  00.43 00.44 1328 1343  01.71 03.22 06.14 06.16
mBERT/IndicBert 09.03 09.54 6128 6586 1846  23.11 12.86 1726  26.74 3243 2528 26.39 12.60 17.03
5 T aman 07.86 09.43 4114 4728 1257 1686 0514  07.82 2128 2400  30.14 29.91 15.43 16.71
8 M5y 36.14 35.43 4971 5671 0114  00.71 00.86  00.59 1200 1200 4457 42.81 21.43 23.00
S ByTSpese 00.57 01.00 21.00 3371 0257 0457 0043 00.44 12.71 1700 0214 02.49 05.57 05.57
S XGLMsgun 00.71 00.71 4014 4543 1471 1857  13.14 12.83 2486 2443 0457 06.01 13.28 22.71
B mMBARTIarge 14.57 16.00 63.57 6686 1143 0943 4128 4277 16.86 1614 4157 35.78 28.86 30.70
mGPTy 35 00.14 00.00 40.00 4328 0271 03.14 0028  00.29 1843 1828  32.86 29.62 06.14 06.14
Llama—3.25  23.28 28.57 4486 4814 1086  11.71 26.86 3009  30.28 3086  48.14 43.11 06.28 07.14
T B mall 00.00 00.28 09.14 2043 00.71 0243 0043 01.91 1157 1386  O1.71 13.49 06.14 06.86
5 MT5hse 00.00 03.57 2528 2843 0328  07.43 0043 14.90 12.41 17.86 0157 41.35 05.28 14.28
G XGLMgun 00.28 00.57 2228 2414  07.43  09.28 0028  09.59 12.71 1457 0457 11.43 03.57 07.57
©  mGPTisp 00.00 02.43 3657 3928 0828 1443  07.71 19.47 2014 1343 47.43 28.15 04.43 20.00
Llama—3.2,5  05.71 01.57 48.00 53.00 0014  03.71 26.00 5619 038 1543  00.28 09.38 00.14 01.57
TS st 05.71 08.28 3886 5643 1457 3357 1657 2537 2628 4443  37.71 46.63 1757 33.00
5 M5 14.43 3243 59.00 7328 3200 5514 3614 5678 4286 6128  52.86 65.39 36.28 36.17
G XGLMsgun 07.43 11.57 4014 5771 2957 5228 3271 4410 3571 50.86  27.28 40.47 2557 33.86
O mGPT 3 08.00 20.71 64.00 8371 3114  60.86 2143 5634 5457 7643  62.71 7.7 13.28 45.57
Llama — 32,5  09.71 58.71 6714 8028 0243 1928  46.71 65.63 2143 3628 0143 33.87 00.57 18.14

in contrastive learning.  N,., is the number
of negative samples for a positive pair. The
AdamW (Loshchilov and Hutter, 2019) optimizer
with a learning rate of 2e-5 is used to fine-
tun mBERT/IndicBert, XGLMj5¢anr, mBART arge,
mGPTy 35 and Llama — 3.2:5. For fine-tuning
M5 gmatr, M Bpase, and ByT5y.sc, @ learning rate
of 6e-5 is used . LM/LLM WEs are fine-tuned for
five epochs with 7 = 0.1.

5.2. Continued Training

mT5: Continued training is performed using the
same span-corruption objective as in the original
mT5 pretraining, allowing the decoder to recon-
struct the masked spans through token prediction.
Optimization is carried out using AdamW with a
learning rate of 5x10~° and a weight decay of 0.01.
A linear learning-rate scheduler with 1% warmup
is applied. The model is trained for 1 epoch. The
original sentencepiece tokenizer is used with the
vocabulary extension to incorporate the proper to-
ken for the BDI task. To reduce catastrophic forget-
ting and maintain multilingual transfer, the corre-
sponding English corpus (parallel/comparable) is
also included in the continue training process.

ByT5: We used the same span-corruption de-
noising objective. Optimization is performed using
AdamW with a learning rate of 1x10~* and weight
decay at 0.01. A linear learning-rate scheduler
with 1% warmup is applied. Training is done with
an epoch of 1. To reduce catastrophic forgetting
and maintain multilingual transfer, the correspond-
ing English corpus (parallel/comparable) is also
included in the continue training process. Since
ByT5 works on BPE, an extension of the vocabu-
lary is not required.

XGLM: For XGLM, causal language modeling
objective is used, where the model predicts the
next token autoregressively from left to right over

the input sequence. Optimization is carried out us-
ing AdamW with a learning rate of 5x10~5 and a
weight decay of 0.01. A linear learning-rate sched-
uler with 1% warmup is applied and the model is
trained for 1 epoch. The original XGLM tokenizer,
based on subword segmentation, is retained with
vocabulary extension. To reduce catastrophic for-
getting, the corresponding English corpus (paral-
lel/comparable) is also included during continued
training.

mBART: Continued training is performed using
the same denoising autoencoding objective as in
its original pretraining, where portions of the input
sequence are corrupted through text infilling, and
the decoder reconstructs the original sequence
from the corrupted input. Optimization is carried
out using AdamW with a learning rate of 5x10°
and a weight decay of 0.01. A linear learning-
rate scheduler with 1% warmup is applied and the
model is trained for 1 epoch. The original Senten-
cePiece tokenizer is retained with a vocabulary ex-
tension. To reduce catastrophic forgetting, the cor-
responding English corpus (parallel/comparable)
is also included during continued training process.

mGPT, Llama: For mGPT, continued training is
performed using a causal language modeling ob-
jective. Optimization is carried out using AdamW
with a learning rate of 5x10° and a weight decay
of 0.01. A linear learning-rate scheduler with 1%
warmup is applied and the model is trained for 1
epoch. The BPE tokenizer is used without vocab-
ulary extension. To reduce catastrophic forgetting
and maintain multilingual transfer, the correspond-
ing English corpus (parallel/comparable) is also in-
cluded during continued training process.

5.3. Few-shot prompting

We consider a zero-shot to 10-shot prompting.
Like in (Li et al., 2023), we set the beam size to
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5 for all LLMs. For encoder-decoder models, the
maximum sequence length is fixed at 5. In con-
trast, decoder-only models are set to 5 plus the in-
put sequence length, since they first replicate the
input before generating new content. For encoder-
decoder LLMs, the evaluation batch size is set to
100 for smaller and 8 for larger models.

5.4. BDI Evaluation

The LM/LLM models are evaluated in Bilingual
Dictionary Induction (BDI) at P@5 (Precision at
5). A training dictionary of 3500 and 700 testing
pairs is used for all language pairs. Since English-
Manipuri have limited (4200) dictionary pairs, we
take 3500 as training pairs and 700 as testing pairs
for all the language pairs in our experiment.

6. Results and Discussion

Unsupervised: For En-Mn, Mn-En, En-Fi, Fi-
En, En-Ta, and Ta-En mT5,,.: gives the high-
est score of 00.89, 00.46, 03.97, 05.68, 06.97,
and 08.40, respectively. mGPT) 35 gives a bet-
ter score of 25.71, 28.71, 06.28, and 07.62 for En-
It, It-En, En-Ja and Ja-En, respectively. In En-Hi
and Hi-En, the highest performance is shown by
mBART g With 02.14 and 02.21, respectively.
In the case of En-Tr, mT'5,,,.;; produces a higher
performance score of 14.40. However, ByT5p,sc
performs better in Tr-En with a score of 15.28. Al-
though no particular LLM model outperforms in all
language pairs, all the LLM models perform less
in linguistic distant and morphologically complex
pairs than linguistically similar pairs like En-It in
unsupervised settings. Details of BDI results are
shown in Table 4.

Supervised: For En-Mn and Mn-En, mT 5,45
gives a higher score of 36.14 and 35.43, re-
spectively. mBART, 4. gives the highest score
of 63.57, 66.86, 41.28, 42.77, 28.86 and 30.70
in En-lt, It-En, En-Hi, Hi-En, En-Ta and Ta-En,
respectively. For En-Fi and Fi-En LM models,
mBERT performs better than all the LLM mod-
els. In the case of En-Tr, the highest score is
given by Llama — 3.2, with a score of 30.28,
but mBERT gives the highest score of 32.43 in
Tr-En. Llama — 3.2:p5 gives the highest perfor-
mance in En-Ja and Ja-En with a score of 48.14
and 43.11, respectively. Like in an unsupervised
setting, there is no particular LLM model that out-
performs in all language pairs, but all the LLM mod-
els give much lesser performance in linguistically
distant and morphologically complex pairs as com-
pared to linguistically similar pairs like En-It in an
unsupervised setting. Details of BDI results are
shown in Table 4.

Zero-shot: For En-Mn, Liama — 3.2, 5 gives the

highest performance score of 05.71, but mT 5y,
gives the best score of 03.57 in Mn-En. Liama —
3.21p gives the highest En-It, It-En, En-Hi, Hi-En
score. For En-Fi and Fi-En, mGPT, 3p outper-
formed all the remaining LLM models. In the
case of En-Tr and En-Jda, mGPT; 35 gives the
highest score. mT5,.s. Outperform the remain-
ing LLM models in Tr-En and Ja-En. For En-Ta,
mT5smaen gives the highest score. On the other
hand, mGPT; 3p gives the best score in Ta-En.
Similar to unsupervised and supervised, all the
LLM models perform much less in linguistic distant
and morphologically complex pairs than in linguis-
tically similar pairs like En-It in unsupervised set-
tings. Details of BDI results are shown in Table 4.

5-shot: For En-Mn mT 5,1 gives the highest
performance score of 14.43, but Llama — 3.2:p
gives the best score of 58.71 in Mn-En. Llama —
3.2:p gives the highest En-It, En-Hi, and Hi-En
scores. mGPT; 35 outperformed all the remain-
ing LLM models in It-En, Fi-En, En-Tr, Tr-En, En-
Ja, Ja-En and Ta-En. In the case of En-Fi and
En-Ta, mT5.se Qives the highest score. Liama —
3.2, and mGP1T; 3p outperform all LLM models
in 78.57% (11 cases out of 14 cases) of the time.
Similarly, the 5-shot approach performs less in lin-
guistic distant and morphologically complex lan-
guage pairs like En-Mn, Mn-En, En-Ta, and Ta-En.
Details of BDI results are shown in Table 4.

Supervise Fine-tuning vs Unsupervised vs 0-
shot vs 5-shot: Fig 1, shows that 5-shot prompt-
ing outperformed both unsupervised and zero-shot
prompting 100% (in all cases) of the time. 5-
shot prompting outperforms supervised setting in
82.86% (58 cases out of 70 cases) of the time. The
supervised setting outperforms the 5-shot prompt
in mT5smatt, MT 5pase, @and Llama — 3.2, 5 for En-
Mn. For Mn-En and Ta-En, the 5-shot prompt-
ing approach outperforms supervised settings in
Llama — 3.2:5. The performance differences in
Mn-En/Ta-En and En-Mn/En-Ta tasks using Llama
models can be attributed to the model’s bias to-
ward high-resource languages like English. While
effective for En-Mn and En-Ta, supervised fine-
tuning approaches may over-fit the training data,
reducing their ability to generalize to unseen ex-
amples. In contrast, few-shot prompting lever-
ages the model’s inherent multilingual and contex-
tual understanding, avoiding over-fitting and pre-
serving the pretrained multilingual alignment. This
makes the few-shot prompting approach results
higher than supervised in the case of target-to-
source translation: Mn-En and Ta-En. A similar
trend is also observed in XGLMsg4nr

Morphologically Complex Settings: On the
other hand, the supervised fine-tuning approach
outperforms 5-shot prompting for En-Mn, En-Fi,
En-Tr, and En-Ta in Liama — 3.215. The na-
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Fig. 2: BDI scores averaged over 14 BDI directions
with respect to n-shot (0 to 10)

ture of the task in the translation of En-Mn, En-
Fi, En-Tr, and En-Ta is inherently more com-
plex, as Manipuri, Finnish, Turkish, and Tamil
are morphologically rich languages, making fine-
tuned models more advantageous. In Mn-En, Fi-
En, Tr-En, and Ta-En, the BDI task is often sim-
pler, finding a direct English equivalent for a Ma-
nipuri/Finnish/Turkish/Tamil word), making it more

amenable to a few-shot prompting. This observa-
tion suggests that few-shot prompting in the Llama
model is still ineffective for morphologically rich
language pairs in the BDI task. Morphologically
rich languages generate multiple inflected words.
For example, a Manipuri root word can produce
multiple inflected forms with different meanings.
LLMs trained in subword-level tokenization (e.g.,
BPE) generally split a word inconsistently, lead-
ing to incorrect representation (not capturing mor-
phological information). This makes it difficult for
LLM models to learn a good alignment between
morphologically complex words and their English
translations. In addition, LLMs are overwhelmingly
trained in English and other resources-rich data.
Low-resource and morphologically rich languages
are underrepresented, and LLM models struggle
to learn morphological information effectively.

Best n-shot: For all the language pairs in our
study, BDI is evaluated for 0 to 10 shots. The aver-
age BDI score on 14 BDI directions for mT'5 a1,
mT bpase, XGLMsgans, mGPTi 3, and Llama —
3.2, p are reported in Fig 2. Fig 2 shows that the
BDI performance averaged over 14 BDI directions
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Table 5: Error analysis of 5-shot prompting on language pairs where the target language is morphologi-

cally rich.
English word Liama — 3.2:5 XGLMseqps Ground truth
name far fa EinH
name name
population q BRIl Tifare
c man for people
= nobody 3 FAN FTel
T who whose
june o o gl
june June
nine Rk ) AN
nine nine
finally lopulta lopettaa loppu
eventually end
increase lisda lisddmaan lisdys
_ more to increase
L account tilinpaatos tili tilia
I financial statements account
growth kasvu kasvu kasvu
growth growth
control ohjaus hallita ohjaus
control to control
history tarihin tarihte tarih
of history in history
future gelecektir gelecek gelecek
will come future
F  media medyada medyaya medya
0 in the media to the media
academic akademik akademik akademik
academic academic
away uzakta uzak uzakta
away away
gas 6uIrr 6urr eumu
come on come on
hours LD 6w LD 6w 6o I CpyLd
. bell bell
K existing @ 2 6T6mg) [AILEIEN
0 be is
team 3600l 3600l 9j6vofl
team team
eye+ 56507 5650T561T & 65T
eye eyes

starts to saturate at 5-shot prompt.

Is few-shot prompting a feasible alterna-
tive to supervised fine-tuning methods?: In
mT5sman, 5-shot prompting outperformed super-
vised fine-tuning except for En-Mn, Mn-En, and
En-It. 5-shot prompting outperformed supervised
fine-tuning in most BDI directions except En-Mn
and Mn-En for the mT5p,sc LLM model. In
XGLMsg4ns, 5-shot prompting outperformed su-
pervised fine-tuning in all BDI directions. Similarly,
5-shot prompting outperformed supervised fine-
tuning in all BDI directions for mGPT 3. Eval-
uation of Liama — 3.2;p5 shows a slightly differ-

ent result with supervised fine-tuning outperform-
ing 5-shot prompting in En-Mn, En-Fi, En-Tr, En-
Ja, Ja-En and En-Ta. The under-performance
of the 5-shot prompting in Liama — 3.2, in the
above-mentioned BDI directions might be due to
many factors such as the fewer resources in the
Mn, Fi, Tr, Ja and Ta languages in the continued
training process of Llama — 3.2y5. The biased
nature of the Llama model to resource-rich Lan-
guages like English is also a contributing factor.
Another factor may be complex morphological un-
derstanding in source-to-target BDI tasks such as
En-Mn, En-Fi, En-Tr, and En-Ta. On the other
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hand, target-to-source BDI directions like Mn-En,
Fi-En, Tr-En, and Ta-Mn are much simpler tasks
and thus give better results than supervised fine-
tuning by mitigating over-fitting on the training dic-
tionary. While supervised fine-tuning methods are
effective for morphologically complex languages,
few-shot prompting strikes a balance by leverag-
ing inherent multi-lingual contextual understanding
and avoiding over-fitting issues. Few-shot prompt-
ing is preferable for practical applications like BDI,
where annotated training data is expensive.

7. Error Analysis

The results of the prompting approach (Li et al.,
2023) on the BDl task are chosen for error analysis.
The English word, the predicted translations, the
English meaning of the predicted translation, and
the ground truth translation are given in Table 5.
The English meanings of the predicted translations
are obtained using FinnWordNet, TurkishWordNet,
TamilWordNet for En-Fi, En-Tr, and En-Ta, respec-
tively. For En-Mn, the author, being a native Ma-
nipuri speaker and fluent in English, translated the
English word into Manipuri by himself. We report
the results generated by Liama — 3.2, for error
analysis. The Few-shot prompting fails to provide
the correct translation of the English words name,
population, and nobody. The predicted word
(informal translation of the name) is different from
the ground truth sfe, which is inflected with the
prefix . In the case of the predicted word i and
31, these predicted words represent root words
with the English translation man and who, respec-
tively. These translations differ significantly from
the ground truth Sif*2 (population) and Frrel (no-
body). if*: is inflected with the suffix &1z and
el is inflected with st@l. In the case of En-Fi
translation, the predicted word lopulta (eventually),
lisda (more), and tilinpdéatés (financial statements)
have slightly different meanings from their respec-
tive ground truth. Jopulta, lisdd, and tilinpdétds
are inflected with the suffix lta, 4, and npdétés
respectively which changes the meaning slightly.
For En-Tr translation, the predicted word tarihin (of
history), gelecektir (will come), and medyada (in
the media) have slightly different meanings from
their respective ground truth. tarih, gelecek, and
medya are inflected with the suffix in, tir, and da
respectively which changes the meaning slightly.
Similarly, in En-Ta translation, the predicted word
6uIr (come on), essfl (bell), and @\ (be) have
different meanings from their respective ground
truth. The ground truths eurmu], wessflCHITD and
@\ (m& &L are inflected with the suffix wy, GBIy,
and & (&b, which changes the meaning.

8. Conclusion

This paper evaluates the performance of various
large language models (LLMs) across diverse dis-
tant language pairs and task settings (unsuper-
vised, supervised fine-tuning, zero-shot and 5-
shot prompting) in intrinsic BDI tasks. The results
show that all LLMs consistently perform better on
linguistically similar pairs (e.g., En-It) than distant
and morphologically complex pairs (e.g., En-Mn,
En-Fi, En-Ta). Morphologically rich languages like
Manipuri, Finnish, Turkish, and Tamil pose sig-
nificant challenges, particularly in unsupervised
and zero-shot settings. The 5-shot prompting ap-
proach outperforms unsupervised and zero-shot
settings in all cases and even surpasses super-
vised settings in 82.86% of cases. Few-shot
prompting demonstrates robustness against over-
fitting, leveraging LLMs’ In-context learning multi-
lingual capabilities, making it particularly effective
in target-to-source translation even for morpholog-
ically complex language pairs. At the same time,
few-shot prompting in LLM models like Llama is
still ineffective for morphologically rich language
pairs like En-Mn and En-Ta in source-to-target BDI
tasks. While supervised fine-tuning methods are
effective, especially for morphologically complex
languages, few-shot prompting strikes a balance
by leveraging inherent multi-lingual contextual un-
derstanding and avoiding over-fitting issues. Few-
shot prompting is preferable for practical applica-
tions like BDI, where annotated training data is
scarce or expensive. From the analysis, the per-
formance of BDI saturates at 5-shot prompting, in-
dicating diminishing returns beyond this point.

9. Limitations Section

A key limitation of this paper is that English is
consistently included as one language in every
evaluated pair. BDI evaluation between two low-
resource and linguistically unrelated languages
is generally more challenging than involving En-
glish. Consequently, the in-context learning ap-
proach adopted here may not generalize as ef-
fectively to non-English language pairs, where al-
ternative methods such as supervised contrastive
learning could prove more suitable. A detailed
comparison of computation time between super-
vised fine-tuning and in-context learning would pro-
vide a clearer picture of the advantages of in-
context learning. A comparison between a few-
shot prompting and finetuning with the same few-
shot example may solidify the strength of LLM in
BDI.
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