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This paper explores knowledge distillation (KD) of multilingual pre-trained encoder-decoder and large language models for
machine translation (MT). We argue that the teacher model’s output distribution holds valuable insights for the student, beyond
the approximated mode obtained through beam search (the standard decoding method for MT), and present Multi-Hypothesis
Distillation (MHD), a sequence-level KD method that generates multiple translations for each source sentence. This provides
a larger representation of the teacher model distribution and exposes the student model to a wider range of target-side
prefixes. We explore n-best lists from beam search to guide the student’s learning and examine alternative decoding methods
to address issues like low variability and the under-representation of infrequent tokens. For low-resource languages, our
research shows that while sampling methods may slightly compromise translation quality compared to beam search based
approaches, they enhance the generated corpora with greater variability and lexical richness. This ultimately improves student
model performance and mitigates the gender bias amplification often associated with KD. Our experiments show that MHD
improves over existing KD techniques both when training encoder-decoder students from scratch and when distilling into
pre-trained decoder-only models.
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1 Introduction

Machine translation (MT) is an essential tool for communication and understanding among speakers of differ-
ent languages. Over the past decade, the dominant architecture for MT has been the encoder-decoder Trans-
former (Vaswani et al. 2017). While encoder-decoder MT models excel in high-resource languages, they struggle
with low-resource languages due to the limited availability of parallel training data (Goyal et al. 2020). This data
scarcity problem becomes even more pronounced with large language models (LLMs), which have emerged as a
powerful alternative to encoder-decoder models when enough training data is available. Consequently, although
LLMs demonstrate strong translation performance in high-resource languages (Kocmi et al. 2024), they still lag
behind traditional encoder-decoder models in several low-resource languages (Iyer et al. 2024; Scalvini et al. 2025;
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W. Zhu et al. 2024). In this context, encoder-decoder multilingual translation models like NLLB-200 (NLLB Team
et al. 2022), M2M-100 (Fan, Bhosale, et al. 2021), and MADLAD-400 (Kudugunta et al. 2023) outperform bilingual
models trained from scratch, primarily due to positive transfer learning from high-resource languages (Tran et al.
2021). However, despite their superior performance, state-of-the-art multilingual models remain too large and
computationally demanding for widespread use, especially in resource-constrained environments like laptops or
smartphones.

An approach to address this challenge is knowledge distillation (KD) (Hinton et al. 2015), which consists
of transferring knowledge from a teacher model to a smaller student model. Typically, the distillation process
relies on the same corpus used to train the teacher model. However, this corpus is usually unavailable for most
pre-trained models, whether they are encoder-decoders or LLMs. Even if the original training data were available,
the knowledge of the teacher model is also derived from transfer learning across multiple languages. As a result,
extracting all relevant knowledge solely from a parallel corpus may not be feasible. In the absence of the parallel
corpus used to train the teacher, one common sequence-level (Kim and Rush 2016) KD strategy is to translate
a monolingual text (Lai et al. 2021; Yu et al. 2021) using beam search (Graves 2012), as this is the most widely
used decoding method at inference time for MT. The resulting synthetic corpus can then be used to train a
student model. However, this method has several limitations. Beam search looks for the translation with the
highest probability, i.e. the mode of the probability distribution (Eikema and Aziz 2020). The mode represents
a very small probability mass, and choosing a likely translation close to the mode leads to outputs with low
lexical diversity (Kulikov et al. 2019), over-representation of frequent tokens, and under-representation of rare
tokens (Miiller and Sennrich 2021). In addition, it can amplify the biases present in the model, such as gender
bias (Vamvas and Sennrich 2021).

We hypothesise that, contrary to the claim that knowledge comes from the top-1 prediction of the teacher (S.
Zhang et al. 2023), sampling a broader range of the model’s probability distribution can yield higher quality
synthetic corpora for KD. Although word-level KD (Hinton et al. 2015) takes advantage of this distribution, it is
limited to target language prefixes present in the reference translation and is therefore also affected by limited
diversity and biases. To overcome these limitations, we introduce Multi-Hypothesis Distillation (MHD), a method
that uses multiple translations per source sentence to provide a broader representation of the teacher’s probability
distribution and expose the student model to a wider range of target-side prefixes. To generate these translations,
we explore different decoding methods to get the most out of the teacher model. This approach requires only
monolingual corpora and supports KD via API access, even when the teacher model itself is inaccessible. This
paper evaluates MHD when distilling both into encoder-decoder models trained from scratch and into pre-trained
LLMs. It analyses the key characteristics of the resulting synthetic corpora and their impact on training student
models. Our results demonstrate that MHD improves student model performance over sequence-level KD, even
when the translations used are of lower quality than the top-1 prediction obtained with beam search, while
it reduces the amplification of gender bias typically associated with KD (Ahn et al. 2022). We also show that
the choice of decoding method should consider factors such as the availability of monolingual data and the
translation quality of the teacher model.!

The rest of the paper is organised as follows. Section 2 reviews related work on knowledge distillation
and decoding methods. Section 3 introduces our proposed MHD approach, formalising the training objective
and detailing how multiple hypotheses are generated. Section 4 describes the experimental setup, including

1Part of this work was previously published as a Findings paper at the 2025 Annual Conference of the Nations of the Americas Chapter of the
Association for Computational Linguistics (NAACL) (Galiano-Jiménez, Pérez-Ortiz, et al. 2025), where we presented our initial approach.
In the present work, we introduce word-level KD as a baseline, better formalise the MHD method, incorporate Minimum Bayes’ Risk
decoding (Kumar and Byrne 2004) (MBR) as an alternative decoding strategy, extend our analysis of hypothesis exploration with experiments
using up to 100 translations per source sentence and evaluate hallucination phenomena. We also extend our experiments to include LLMs
and other state-of-the-art KD strategies.

Journal of Artificial Intelligence Research, Vol. 87, Article 7. Publication date: September 2026.



Multi-Hypothesis Distillation + 7:3

decoding methods, language pairs, corpora, and evaluation metrics. Section 5 presents and analyses the results of
our experiments, covering the impact of amount of hypotheses, corpus size, decoding variability, gender bias,
hallucinations and the comparison of MHD against KD techniques for LLMs.? Finally, Section 6 concludes the
paper and outlines the main findings.

2 Related Work

There is an extensive literature on knowledge distillation and decoding methods, but the impact of decoding
methods on the distillation process has been understudied. In what follows we describe the related work on KD
(Sec. 2.1) and the role of decoding methods (Sec. 2.2).

2.1 Knowledge Distillation Techniques for Machine Translation

KD techniques can be classified into word level (Hinton et al. 2015) and sequence level (Kim and Rush 2016).
Word-level KD mimics the teacher’s probability distribution for each token, while sequence-level KD trains the
student model using a synthetic corpus. This corpus is generated by the teacher by translating the source side
of the original training corpus using beam search or other decoding algorithm such as Minimum Bayes’ Risk
decoding (Kumar and Byrne 2004) (MBR). In both cases, the same corpus used to train the teacher is used for
the distillation. The difference is that sequence-level KD calculates the cross-entropy loss over the synthetic
target side of the parallel corpus and word-level uses a combination of the cross-entropy loss over the real
target and the Kullback-Leiber divergence (Kullback and Leibler 1951) between teacher and student probability
output distributions. This means that, unlike sequence-level KD, word-level KD requires access to parallel data
and greater computational resources, as both the teacher and student models must be loaded into memory
simultaneously.

Regarding research on sequence-level KD with encoder-decoder multilingual translation models, some studies
employ multiple teacher models, either multilingual (Do and Lee 2023) or bilingual (Tan et al. 2019), to distil
knowledge into a multilingual student. In contrast, our approach aims to extract as much knowledge as possible
of a language pair from a single teacher in order to train a bilingual student. Gumma et al. (2023) also use a single
multilingual teacher, but they train a multilingual student model. Similarly, De Gibert et al. (2023) distil a high-
resource language pair from NLLB-200 and then fine-tune the resulting student model on a set of low-resource
language pairs. Some methods use high-resource languages related to low-resource ones for distillation, training
the student with both languages as sources and English as the target (Song, Ezzini, et al. 2023). In contrast, our
study is not limited to English as the target language. Galiano-Jiménez, Sanchez-Martinez, et al. (2023) fine-tune
the teacher for specific language pairs and then train the student model with a mix of parallel and synthetic data.
This method is based on parallel corpora, as well as back and forward-translation. This differs from our approach,
which only uses monolingual corpora and forward-translation.

Regarding KD of LLMs for MT, several techniques typically rely on a pre-trained student rather than training
from scratch. Enis and Hopkins (2024) used translations generated by Claude 3 Opus® to further fine-tune an
NLLB-200 1.3B model that had already been fine-tuned with translations from NLLB-200 54B and a parallel
corpus. However, this additional fine-tuning did not lead to significant improvements in translation quality.
In an attempt to minimise the exposure bias (Ranzato et al. 2015), Agarwal et al. (2024) presented Generalized
Knowledge Distillation (GKD), which combines word-level KD with both off-policy and on-policy training signals.
In the off-policy component, the student is trained on sequences generated by the teacher and gold references. In
addition, GKD introduces an on-policy loss that measures the discrepancy between teacher and student outputs
when conditioning on prefixes generated by the student itself. This approach helps the student model learn

2The code is available at https://github.com/transducens/sampling-distillation
3https://www-cdn.anthropic.com/de8ba9b01c9ab7cbabf5¢33b80b7bbc618857627/Model_Card_Claude_3.pdf
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to generate sequences from its own predictions. Another approach based on word-level KD is Self-Evolution
KD (Song, Ding, et al. 2025). This technique dynamically balances teacher distributions and ground-truth signals
according to the learning difficulty of each token. While these methods generally outperform sequence-level KD,
the improvements are often modest and evaluations are usually restricted to high-resource language pairs. This
leaves the behaviour of these methods in truly low-resource MT largely unexplored. Additionally, both methods
require the teacher and student models to be kept in memory during training, demanding significantly more
resources than our approach. Following a sequence-level approach, MT-PATCHER (J. Li et al. 2024) proposes
selective correction instead of full-output imitation, demonstrating that targeted supervision can outperform
full sequence-level training with significantly fewer examples. This method is based on the assumption that the
student model can correctly translate most source sentences and that it is more effective to focus on translations
that the student generates poorly. However, this assumption rarely holds when working with low-resource
languages (Zhao et al. 2025).

2.2 The Role of Decoding Methods

Neural MT models generate output tokens by producing a probability distribution over the target vocabulary at
each decoding step. There are two approaches for selecting these output tokens: deterministic methods, which
prioritise high-probability tokens but offer low variability (Kulikov et al. 2019), and stochastic methods, which
sample from the probability distribution but can lead to incoherent text (Basu et al. 2021). For directed generation
tasks, such as MT, beam search (Graves 2012) is commonly used because the output is closely tied to the input,
and variability is less critical. In contrast, open-ended tasks, like conversational chatbots, require more diverse
and human-like output (Holtzman et al. 2020). Although it is common to generate the output of an LLM using
sampling methods for all tasks, beam search gives better results for MT (Shi et al. 2024). While several studies
analyse decoding methods (DeLucia et al. 2021; Su et al. 2022; Wiher et al. 2022) and evaluate the quality of the
resulting text (Pillutla et al. 2021), their focus on LLMs and open-ended tasks limits their applicability to MT with
encoder-decoder models.

Nevertheless, MBR (Kumar and Byrne 2004) has recently been used to generate sequences with an LLM to
fine-tune an encoder-decoder translation model (Finkelstein and Freitag 2024) and the conclusion was that the
student model fine-tuned with these sequences outperforms the model fine-tuned with beam search translations.
J. Wang, Briakou, et al. (2024) extended this approach by incorporating multiple translation candidates per source
sentence, similar to our proposed method. They agree with our findings in that extracting multiple sentences
from the teacher model better captures its probability distribution, leading to improved student models. However,
our work explores a broader range of scenarios (language pairs and different decoding methods) and concludes
that the choice of decoding method should depend on both the teacher model’s translation quality and the size of
the available corpus.

While the relationship between corpus quality and variability has been explored in open-ended tasks (H. Zhang
et al. 2021), it is understudied for KD in MT. However, the variability produced by different decoding methods
was investigated for back-translation, and it was concluded that top-p (Holtzman et al. 2020) results in higher
final model performance (Burchell et al. 2022).

3 Approach: Multi-Hypothesis Knowledge Distillation

In this section we formalise the neural MT training objective based on Maximum Likelihood Estimation (MLE),
the standard training objective for an MT model, and its adaptation to sequence-level KD. Then, we describe our
proposed method, which generates multiple translation hypotheses per source sentence using different decoding
strategies.
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Source Sentence: x*

Teacher Model 61

[ - ‘[/ < ~ \

DY = (.75}

Student Model 65

Fig. 1. Multi-Hypothesis Knowledge Distillation (MHD) approach. The teacher model generates M translations per source
sentence, using Z as decoding method. The resulting dataset Z)g[ is then used to train the student model.

3.1 Maximum Likelihood Estimation

Given a training dataset D = {(x}y )}l » Where x! is a source sentence, ' is its corresponding target translation
and N corresponds to the number of sentences in the dataset, the training objective is to maximise the likelihood
of the target sequence under the distribution of the model by minimising the following loss function:

N T
Lyip ==Y > logP(y; | yL,,x';0) 1)

i=1 =1
Where 0 represents the model parameters, T; corresponds to the number of tokens of the i-th target sequence,
y<+ denotes the prefix of the i-th target sequence up to time step t — 1, and y! is the target token at time step ¢.

3.2 Sequence-Level Knowledge Distillation
In sequence-level KD, a teacher model 01 generates a synthetic parallel corpus D = {(x,§")}, where §' is a

translation generated by the teacher model’s distribution P(y | x; f1). The student model s is then trained to
mimic the teacher’s outputs by minimising Equation (1) when replacing y’ by 7.

3.3 Multi-Hypothesis Knowledge Distillation

To increase the variety of training data we propose generating multiple translation hypotheses yZl = {g"Z’l wees ngM }

per source sentence x’, where Z is the decoding method used to translate. The produced dataset is:

N M
= Ut gy )

i=1 m=1
This means that each source sentence x’ appears M times in the dataset, paired with different translations
™ generated by the teacher model using Z as the decoding method. Appendix A details the generation of M
translations with each decoding method. Training with this dataset results in the following loss function:

N M T;

Lyup =—ZZZIOgP(Nlm | 27, %' 65). (3)

i=1 m=1 t=1
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Fig. 1 provides a graphical representation of this method. The objective of MHD is to achieve benefits similar to
word-level KD and GKD regarding the exploration of the teacher’s probability distribution, while restricting this
exploration to a relative high-probability space to avoid degradation from poor distributions. Furthermore, by
generating different target-side prefixes, MHD offers advantages similar to on-policy training without requiring
the student to generate sequences during training, thus accelerating the training and reducing memory overhead
as the teacher is not required online. This exploration of the teacher’s probability space follows a similar spirit to
MBR. However, while MBR requires generating many hypotheses to identify a single best output for inference,
MHD leverages this exploration to increase the amount of training data and expose the student to multiple
alternative translations for the same source sentence.*

4 Experimental Settings

This section describes the technical details of the experiments carried out. It starts with the decoding methods to
be analysed, moves on to the language pairs, the models and the corpora used, and finally explains the features
to be evaluated and how to measure each of them.

4.1 Decoding Methods

This study focuses on a selected set representing both deterministic and stochastic methods: beam search and
diverse beam search as deterministic methods and top-p (also known as nucleus sampling), top-k and MBR
decoding as stochastic methods.

e Beam search (BS): At each decoding step, beam search keeps the n highest probability paths (Graves 2012).
This has the advantage of identifying high probability sequences that start with less likely initial tokens
and would have been ignored by greedy decoding, which always chooses the most probable token. When
generating data for KD, we used n=10.

e Diverse beam search (DBS): It is a variant of beam search that tries to produce more diverse results. Instead
of maintaining a single list with the most likely paths, it divides the n paths into G groups and applies a
penalty (1) to prevent them from being similar to each other (Vijayakumar et al. 2018). In our experiments,
as recommended by the authors of this method, we used n=G, i.e. as many groups as n, with only one
sequence per group, and A=0.5. As in the case of beam search, we used n=10.

e Top-k: The probability mass is redistributed among the k most likely tokens and the output token is
then sampled for the resulting distribution (Fan, Lewis, et al. 2018). This process is repeated until the
end-of-sentence token is selected.” For our experiments, we kept the original proposal of k=10 (Fan, Lewis,
et al. 2018), which has proven to work well for generating synthetic corpora for back-translation (Y. Zhang
et al. 2020).

o Top-p: The probability mass is redistributed among the smallest possible set of tokens whose cumulative
probability exceeds the probability p (Holtzman et al. 2020). This way, the amount of the set of candidate
tokens can dynamically increase or decrease according to the next token’s probability distribution. The
sequence is generated using the same iterative process as with top-k. Following Eikema and Aziz (2022),
we set p to 0.7 in our experiments.

e Minimum Bayes’ Risk decoding: MBR chooses the hypothesis that has the lowest risk of being incorrect
evaluating its proximity to other candidate sequences, based on a distance measure. The method to calculate
this distance is called utility function (Kumar and Byrne 2004). Following Finkelstein and Freitag (2024), we

4While word-level KD uses prefixes from a ground-truth translation and learns the teacher’s distribution at each step, MHD exposes the
student model to multiple complete sentences, allowing it to observe a much larger variety of prefixes for the same set of source sentences.
SThe variability of the output depends on the value of k. Using the vocabulary size as k corresponds to ancestral sampling, while k=1 works
as greedy decoding.
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used epsilon sampling (Hewitt et al. 2022) to create 256 candidates with €=0.02. We use chrF® (Vamvas and
Sennrich 2024) as the utility function.

Generating multiple translations with each of these decoding strategies allows us to explore different regions
of the teacher’s probability distribution. Deterministic methods offer limited exploration but remain focused on
high-probability regions. In contrast, sampling-based methods, and MBR in particular, enable broader exploration,
albeit including regions with lower probability. This inherent trade-off between exploration depth and probability
density is characteristic of each decoding approach; investigating how this balance affects MHD is one of the
core objectives of this paper.

4.2 Models, Language Pairs and Data

Models. In order to evaluate the generalisation of MHD across different architectures and amount of network
parameters, we used two configurations of teacher and student models.

First, we used NLLB-200 1.3B and NLLB-200 3.3B (NLLB Team et al. 2022) as encoder-decoder teacher models.
Our primary students are encoder-decoder transformer models in the base configuration, as defined by Vaswani
et al. (2017, Tbl. 3). With 65M parameters, our student models are notably compact, representing just 5% of the
size of the NLLB-200 1.3B model and 2% of the NLLB-200 3.3B model.

Secondly, we employed the multilingual LLM EMMA-500 8B (Ji et al. 2025) as a teacher. This enabled us to
explore two KD paths: (1) KD from a large decoder-only model into a compact 65M encoder-decoder students,
and (2) KD into a pre-trained decoder-only student model, Llama-3.2 1B (Grattafiori et al. 2024). The latter
configuration is particularly relevant for assessing our MHD approach in a transfer learning setup where the
student already possesses prior linguistic knowledge. For more details on the architecture and training, see
Appendix B.

Language Pairs. We selected the language pairs to be distilled from the languages that the teacher models
support, based on two variables: The teacher model translation quality (Table 1) and the size of the available
corpora. Our objective is to have multiple scenarios that allow us to analyse the impact of these variables at both
generation and training time. The languages we have chosen are English (eng), Swahili (swh), Igbo (ibo) and
Bambara (bam). Language pairs to be distilled and reasons for this selection are as follows:

e From English: eng-swh, eng-ibo, eng-bam. Almost unlimited monolingual source corpora and target
languages with varying translation quality.

¢ Into English: swh-eng, ibo-eng, bam-eng. Limited amount of monolingual source corpora, although in
some cases sufficient to experiment with different dataset sizes. As the teacher model has been exposed to
a large amount of English during its training, and BS limits the vocabulary we can extract, we hypothesise
that sampling methods allow us to extract more knowledge from the teacher model.

e Zero-shot: bam-swh. Small amount of monolingual source corpora and low translation quality. The
teacher’s knowledge is based on transfer learning from other translation directions and monolingual
knowledge of the source and target languages.

Data. Regarding the availability of data, English and Swabhili have the largest corpora, from which we selected
a subset of 1 million monolingual sentences. For Igbo, we used a corpus comprising 451,789 sentences, while for
Bambara we employed a corpus containing 108,187 sentences. All corpora used are freely available. Table 2 shows
the origin of each corpus. Specific details about the corpora and their pre-processing can be found in Appendix C.
As development and test sets we use the FLORES+’ (NLLB Team et al. 2022) dev and devtest splits, respectively.

%fastChrF signature: numchars.6+beta.2.0+space.true
"https://huggingface.co/datasets/openlanguagedata/flores_plus
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Table 1. ChrF++ scores of NLLB-200 1.3B and EMMA-500 8B on the FLORES+ devtest dataset for different decoding methods:
beam search (BS), diverse beam search (DBS), top-p (average of 3 runs), top-k (average of 3 runs), and MBR. The results
with BLEU are showed in Appendix D.1. The NLLB-200 3.3B results, which show the same relative order between decoding
methods, can be found in Appendix D.2.

Teacher model Method eng-swh eng-ibo eng-bam swh-eng ibo-eng bam-eng bam-swh

BS 59.2 41.0 30.9 63.5 52.6 38.6 35.6
DBS 58.5 39.0 28.6 63.0 51.7 37.6 32.6
NLLB-200 1.3B top-p 51.3 36.3 27.0 57.0 46.7 35.5 32.6
top-k 49.1 34.4 27.2 52.3 44.3 34.7 32.5
MBR 58.9 41.8 31.7 63.8 53.0 38.7 36.6
BS 59.8 42.8 18.0 65.3 49.3 32.1 -
EMMA-500 8B
top-p 58.2 40.6 19.1 62.0 46.0 30.6 -
Table 2. Monolingual corpora used.
Language Corpus Sentences
English OSCAR-3301 1,000,000
Swahili ~ Monolingual African Languages from ParaCrawls 1,000,000
Igbo Monolingual African Languages from ParaCrawls 451,789

Bambara bayelemabaga, lafand-mt, Leipzig, NLLB-Seed, xP3, MADLAD-400 108,187

4.3 Evaluation Metrics

We evaluate two key elements: the synthetic corpora and the models trained on them.

Synthetic Corpora. We assess vocabulary diversity, hipothesis variability, and translation performance of the
teacher model used for its generation.

e Lexical richness: measured through Zipf’s Law and by counting unique words and sentences.

e Variability among the M translations generated for each source source: evaluated using self-BLEU (Y. Zhu
et al. 2018), where lower values indicate greater diversity in translations from the same source sentence.

e Translation performance of the teacher model: we evaluate translation performance on the FLORES+
dataset, generating a single translation per source. We use chrF++ (Popovi¢ 2017) to estimate the translation
quality of the synthetic corpora generated by the teacher model for each language pair. The original NLLB
paper reports that chrF++ scores for this model tend to be systematically higher when generating English
compared to other target languages, and that these scores correlate well with human evaluations (NLLB
Team et al. 2022). This observation supports the use of chrF++ as a reliable proxy for synthetic corpus
quality.

All synthetic corpora are generated by translating the corresponding monolingual corpus (see Table 2) with
the teacher model, using the Transformers library (Wolf et al. 2020) and the selected decoding method.

Student Models. We assess student performance based on four criteria:

e Translation performance: evaluated in the same manner as the teacher’s output, using beam search (n=5)
on the test set. Although recent neural evaluation metrics such as AfriCOMET (J. Wang, D. I. Adelani, et al.
2024) and SSA-COMET (S. Li et al. 2025) support some of the languages considered in this work, none of
these metrics have been trained specifically to cover the full set of language pairs under study. Given this
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limitation, we adopt chrF++® (Popovi¢ 2017) as our primary evaluation metric. To validate our findings
further and provide a more comprehensive assessment, we also report BLEU? and, for language pairs that
are supported (eng-swh and swh-eng), COMET (Rei et al. 2020) scores. We observe a consistent ranking of
systems in most scenarios, indicating that the reported trends are stable and not tied to a specific evaluation
method. We assessed statistical significance using paired approximate randomization (Riezler and Maxwell
2005) to compare the student models trained with different corpora 2)24 .

o Gender bias: measured through contrastive conditioning (Vamvas and Sennrich 2021), as detailed in Sec. 5.4,
due to the lack of annotated datasets for the languages of this study.

o Hallucinations: assessed by calculating the cosine similarity between the sentence embeddings (Dale et al.
2023) (see Sec. 5.5) of the generated translations and the reference.

5 Experiments and Results

Our experiments are designed to evaluate the effectiveness of MHD and to detect the factors influencing student
model performance. First, in Section 5.1, we evaluate MHD by training encoder-decoder student models from
scratch using small source corpora and varying the number of translation hypotheses per sentence (M), considering
both encoder-decoder and LLM architectures as teacher models. The aim is to understand how exposing the
student model to multiple translations and target-side prefixes affects learning. In this setting, our baseline is the
student model distilled with word-level KD using the synthetic corpus Z)és in place of real parallel data, allowing
us to compare the effect of directly transferring the teacher’s token-level distribution against our sequence-level
approach.

Once the best-performing value of M is identified, we fix it and study the impact of increasing the size of the
monolingual source corpus (Section 5.2). This allows us to assess how the amount of data influences the diversity
of vocabulary and sentence structures available for knowledge extraction from the teacher. These experiments are
conducted only for language pairs for which we have access to larger monolingual corpora. Next, in Section 5.3,
we explore the trade-off between diversity and translation quality introduced by the decoding parameters p (in
top-p) and k (in top-k), which control how far the sampled outputs diverge from the teacher model’s most likely
predictions. We then conduct a gender bias analysis (Section 5.4) and, in Section 5.5, we examine the tendency to
hallucinate of our student models. Finally, in Section 5.6, we distil the LLM EMMA-500 8B into a pre-trained LLM
and compare MHD with several state-of-the-art KD strategies for LLMs. Section 5.7 analyses the efficiency of
these techniques and MHD in terms of training time and hardware requirements.

5.1 Impact of the Number of Translation Hypotheses and Decoding Methods

Sampling methods typically yield lower performance for MT compared to BS and DBS as shown in Table 1.
Nevertheless, they are widely used in open-ended generation tasks because of their ability to produce diverse
and more human-like outputs (Holtzman et al. 2020) than deterministic methods. In this section, we investigate
whether, despite the drop in translation quality, sampling methods can provide more effective training data for
student models.

We generated our Dg’ datasets by translating 100k sentences (as this is the size of our smallest corpus) using
Z={BS, DBS, top-p, top-k, MBR} and M = {1, 3, 5,10}. As already explained in Section 4.1, while top-p and top-k
rely on sampling, BS and DBS selected the M highest-probability candidates. For MBR, we selected the best M
translations. Note that Dllas corresponds to the standard sequence-level KD. Subsequently, we trained student
models on the training datasets generated with each decoding method.

8chrF++: "nrefs:1|case:mixed|eff:yes|nc:6|nw:2|space:no|
9BLEU: "nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|
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Fig. 2. Average chrF++ score obtained by encoder-decoder student models trained from scratch on M samples generated by
NLLB-200 1.3B with different decoding methods and varying number of translations per source sentence (x-axis).

Results. Fig. 2 shows the performance of student models distilled from NLLB-200 1.3B, with scores reflecting
the average chrF++ on three training runs.'’ Results with NLLB-200 3.3B, which shows the same relative order
between decoding methods, are provided in Appendix D.3.

To examine the differences between MHD and standard sequence-level KD, we first computed the statistical
significance of the difference between the student models trained on Z)%O (with Z={BS, DBS, top-p, top-k, MBR})
with the student model trained on Dj. Then, to assess the impact of different decoding methods, we compared
via statistical significance the models trained on each D)’ to those trained on D}?. Except for the eng-ibo models,
all language pairs showed statistically significant differences compared to Dy In contrast, when considering Dp2
as the baseline, models trained with Z)]lj%s for ibo-eng, bam-eng, and eng-swh did not show statistically-significant
differences. Models trained on datasets generated by sampling methods showed statistically-significant differences
for eng-bam, swh-eng, ibo-eng, bam-eng and bam-swh. The complete results of the statistical significance tests
are shown in Appendix D.4, Table 10.

Word-level KD (WL(Djg;) in Figure 2) yields superior results compared to sequence-level KD with a single
sample for several language pairs. This suggests that, when the teacher model is fitted well (Eikema and Aziz
2020), its probability distribution contains valuable information for training student models. However, if the
teacher model is poorly fitted to a specific language, its probability distribution can exhibit high entropy, proving
detrimental to the student model. This phenomenon is observed in language pairs involving Bambara. MHD
allows for the extraction of more information regarding the teacher’s probability distribution than traditional
sequence-level methods. Crucially, due to the specific decoding methods employed, this distribution is constrained
to a subset of tokens rather than the entire vocabulary, thereby mitigating issues associated with highly dispersed
probability mass. This benefit, coupled with the generation of multiple prefixes, enables MHD to outperform
word-level KD and standard sequence-level KD across all investigated language pairs.

1ONote that, for the sampling methods, translations were sampled again from the teacher’s distribution in each training run.
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Fig. 3. ChrF++ score obtained by encoder-decoder student models trained from scratch on M samples generated by EMMA-
500 8B with different decoding methods and varying number of translations per source sentence (x-axis).

As expected, student models trained on deterministic methods or MBR outputs generally performed better
than top-p and top-k when only one translation per sentence was generated (M = 1). However, as the number of
translations per sentence increased, models trained on sampled data outperformed those trained with deterministic
methods.

The gap between BS and sampling methods is especially notable for bam-swh. Interestingly, students trained
with Dgs and Dgg performed worse than those trained with DS,S' Eikema and Aziz (2020)’s observations on the
inadequacy of the mode show that, when the model is poorly fitted, the most probable translation is not the
best. This can explain why traditional KD with BS (Dj;) fails, but D3 contains translations from which the
student model is able to learn. The results with DJ{>* are discussed further on, together with the analysis of the
generated corpora.

DAA,I[BR results must be analysed carefully, as metric bias may have been introduced by using the same type
of metric to rank the MBR candidates and for evaluation (Kovacs et al. 2024). Z)I\A//[IBR achieved the best results
when evaluated with chrF++ but is not the most effective method when evaluated using BLEU (Appendix D.3, Fig.
15). Nevertheless, both metrics show that D%BR achieved the best results for all tested values of M in language
pairs involving Bambara. We hypothesise that it is for these language pairs (bam-eng, eng-bam, bam-swh) that
the mode is less suitable. This is where extracting more information from the probability distribution is most
beneficial; MBR helps to extract that information while filtering out possible mistranslations.

In general, with M = 10, the greatest advantage of sampling over deterministic methods occurs when the
target language is English. This is in line with our hypothesis that, as the teacher has been trained with a vast
amount of English and we are working with small corpora, the sampling methods allow us to extract more
information than BS. To further explore the limits of increasing M, we conducted experiments using top-p
sampling with M = 100. Overall, the results show a consistent improvement over M = 10. In several cases, these
results even outperform those achieved using a larger monolingual corpus of 1M sentences and 2)1135 (as discussed
in Section 5.2), demonstrating the potential of increasing M through sampling methods to better capture the
teacher’s distribution. These results are provided in Appendix D.5, Table 12.
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Fig. 4. Similarity among 10 generated translations per source sentence as evaluated by self-BLEU (y-axis).

To ensure that the improvements seen with sampling methods were not simply due to a particularly good
translation among the multiple outputs, we conducted an additional experiment. For the eng-swh Z)tlgp_ 5 corpus,
we selected the best translation for each source sentence based on COMET without reference. We then used only
these selected translations to train a student model. The resulting performance was similar to that of a model
trained with Z)tlop_ P confirming that the improvements observed with sampling methods were driven by the
diversity of multiple translations.

Finally, Fig. 3 illustrates the results of applying MHD to the distillation of an LLM. For this setup, we focused
on BS, as it is the default decoding method for sequence-level KD; and top-p sampling, which provided the
best balance between performance and computational cost in our previous experiments. It is worth noting that,
while LLMs are typically associated with sampling-based generation, EMMA-500 achieves higher translation
quality using BS than top-p (see Table 1). Our findings follow the same pattern observed in the NLLB-200 KD
experiments: performance tends to improve as the number of generated translations increases.!! However, BS
exhibits a more pronounced degradation in language pairs where EMMA-500 performs poorly compared to NLLB
(bam-eng, eng-bam, ibo-eng). This suggests that if the model is not well fitted for a specific language pair, BS

fails to generate a sufficiently diverse set of correct translations for MHD.

Analysis of Generated Corpora. To explain the above results, we analyse the properties of each decoding method,
as well as the synthetic corpora generated by NLLB-200 1.3B.

The variability of the generated translations indicates the amount of information extracted. Fig, 4 shows the
self-BLEU (Y. Zhu et al. 2018) score of 10 translations per source generated using each decoding method. As
self-BLEU measures the similarity between translations, a high score indicates low variability. As expected,
deterministic methods, which focus on selecting the most likely translations, result in low variability, even when
using DBS. In contrast, sampling methods, especially top-k, produce more diverse translations. This variability
suggests that the translations generated using sampling methods have a greater vocabulary and are richer in
terms of lexicon. This explains why they provide better training data for the student models. To support this
claim, we use the Zipf distribution (Holtzman et al. 2020) of each generated corpus. Fig. 5 compares the Zipf
distribution of the corpora generated by translating 100k sentences from English into Swahili, together with
the distribution of a native Swahili corpus of 1M sentences (1M D in the plot). The figure also includes the
distribution of a corpus generated by translating the English corpus of 1M sentences with BS and M=1. The
analysis shows that the corpora generated with sampling and M=10 from smaller texts are more similar to native
corpora than those produced with BS with a single translation from larger texts. Intuitively, the generation of
multiple translations with BS might result in either very similar sentences, adding little value, or hallucinations
when the model is forced into less probable paths.

!As in the experiments presented in Fig. 2, we computed the statistical significance of the difference between the models trained on D}
(Z={BS, top-p}) and those trained on Dés. We also compared Dtlf?p— » with Z)ég. All the compared models presented statistically significant
10

differences, with the exception of the comparison between Diop- » and Z)ég for eng-ibo.
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Fig. 5. Zipf’s distribution over Swabhili corpora. Similar patterns were observed for the rest of languages.
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Fig. 6. Probabilities normalised by length of 10 swh-eng translation hypotheses generated with NLLB-200 1.3B for each
source sentence in the FLORES+ devtest set. The shaded areas around each line represent the standard deviation.

The idea that unlikely paths lead to poorer translations is related to how each decoding method generates
its translations. While sampling methods generate translations independently, deterministic methods and MBR
perform a ranking of the generated hypotheses. As seen in Fig. 6, this results in the probabilities of top-p and
top-k translations remaining stable, while those of deterministic methods and MBR decay. This may explain the
decrease in quality observed in students trained with Z)g?l when working with languages for which the teacher
is poorly fitted. If the next-token probability mass is highly concentrated in a few tokens and we require more
translations, deterministic methods have to take improbable paths.

To further investigate this phenomenon, we conducted an additional experiment to approximate the expected
quality of the teacher distribution. Using the 256 translations per source sentence generated with epsilon sampling,
we computed the median probability of these translations as a proxy for the expected translation likelihood. Then,
we filtered them by removing those with a probability lower than the previously obtained median. This allowed
us to identify which beam outputs were statistically unlikely under a broader sampling of the teacher distribution.
The results, illustrated in Fig. 7, show that the discarded translations were predominantly associated with short
source sentences and language pairs where the teacher model performed poorly. This supports the hypothesis
that deterministic methods, when forced to produce multiple outputs, are more likely to select low-probability
and potentially low-quality continuations in such settings.

In contrast to deterministic methods, sampling methods can produce repeated sentences, especially top-p due
to its dynamically adjusted window size. While this can limit diversity, it can also help to prevent hallucinations
that could negatively affect the training of student models. This effect is visible in Fig. 4, where top-p sampling
produces lower variability than top-k. The performance of MBR depends on the probability distribution of the
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Fig. 7. Percentage of translations (y-axis) for the same source with a probability lower than the median of the 256 translations
generated using epsilon sampling for the same source. Source sentences are ordered by their length in characters (limited to
200) along the x-axis. The shaded area represents the total percentage of translations that were discarded.

teacher model. When the probability mass is highly concentrated in a few tokens, MBR produces low variability
(Fig. 4, swh-eng). Conversely, when the teacher’s probability distribution is more spread out, MBR introduces
greater diversity in its selections (Fig. 4, eng-bam).

5.2 Impact of Source Corpus Size

The size of the source corpus plays a crucial role in KD, as a larger corpus contains more vocabulary and allows
for more knowledge to be extracted from the teacher. To analyse how this affects MHD, we translated 100k, 500k
and 1 million sentences with NLLB-200 1.3B and M=10. We used Dés obtained from the same corpus as a baseline
for each size.

Results. Fig. 8 shows the performance of student models trained on each dataset. As observed, the discrepancy
between different decoding methods decreases as the corpus size increases. For corpora of 500k sentences,
sampling methods still outperform BS, while for corpora of 1 million sentences, sampling methods do not
consistently yield superior results. However, MHD remains advantageous over Dg..

Analysis of Generated Corpora. To explore the importance of lexical richness in the translated corpus, we
compared the number of unique words in both the source corpus and the generated corpus. Fig. 9 illustrates the
relationship between the size of the source vocabulary, the vocabulary produced by each decoding method, and
the chrF++ scores obtained by training student models on these corpora. The results show that sampling methods
act as vocabulary amplifiers by generating multiple translations. However, it is important to know which part of
this vocabulary is useful to the model. Fig. 10 shows the percentage of the devtest target vocabulary present in
the training corpus. It can be seen that until a certain coverage is reached (about 87% for eng-swh and 95% for
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Fig. 9. Relationship between the vocabulary size of the swh-eng corpus and the chrF++ of the student models. X-axis markers
indicate amount of sentences in the source corpus (first row) and sentences in the generated corpus (second row).

swh-eng), increasing the coverage produces better student models, even if the teacher translations are worse. On
the other hand, once this threshold is exceeded, it is more beneficial to prioritise translation quality.

In addition to translation quality, BS can offer another benefit for KD. During training, models typically use
teacher forcing, where the correct token is used as input, leading to a mismatch between training and inference.
During inference, the model must rely on self-generated tokens, typically obtained with BS. This exposure
bias (Ranzato et al. 2015) can be mitigated by training the student models with BS outputs, which are closer to the
tokens generated during inference. If the source corpus is sufficiently large, BS can extract enough vocabulary,
and its similarity to the inference process benefits the student model. This also explains the performance of the
swh-eng model trained on a 1M source corpus using DBS (Fig. 8), which keeps the inference similarity of BS
while providing greater diversity.
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Fig. 11. Relationship between the teacher translation quality and variability and the student models score for eng-swh.
Initial corpus: 100k sentences.

5.3 Divergence from the Mode vs. Translation Quality

The adjustment of the sampling parameters affects both output variability and translation quality, making the
output more similar to greedy decoding or ancestral sampling. To gauge the sensitivity of MHD to the values of
p and k, we conducted experiments on eng-swh, translating 100k eng sentences with M=10. Fig. 11 illustrates
the impact of p and k values on both the translation performance of the student and teacher models (measured
by BLEU), and the similarity of the translations (measured by self-BLEU). We use BLEU instead of chrF++ in
this graph for a better comparison with self-BLEU. As observed, higher values of p and k result in more diverse
translations, albeit with poorer teacher performance, while maintaining similar performance for the student
models. Finally, we repeated the experiment with 1 million sentences and found that the results were consistent
with our previous findings using a smaller corpus. These results suggest that the trade-off between quality and
variability is independent of corpus size when using the same decoding method.

5.4 Gender Bias Analysis

Sequence-level KD typically amplifies biases present in the teacher model due to the over-representation of
frequent tokens (Ahn et al. 2022). To assess whether MHD can mitigate this issue, we employed contrastive
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Table 3. Contrastive conditioning for gender bias detection. The output of an unbiased model from the original source should
match the output of the evaluator model from the correct disambiguation cue.

‘ Example
Original Source Sentence The CEO bought a car because she is rich.
Correct Disambiguation Cue The [female] CEO bought a car because she is rich.
Incorrect Disambiguation Cue The [male] CEO bought a car because she is rich.

Correct Spanish Translation | La Directora General se compré un coche porque es rica.
Incorrect Spanish Translation | El Director General se compré un coche porque es rico.

Source sentence: “The CEO bought a car because she is rich” }7

Generated translation:
> 3 . »
La Directora ...

Evaluated Model

N Correct Input: Eval Model Incorrect Input:
Source: “The [female] CEO..” Jauaioglle Source: “The [male] CEO..”

!

P(Correct)
P(Correct) + P(Incorrect)

Score =

Fig. 12. Scheme of contrastive conditioning. The evaluator model calculates the probability of the generated translation for
both correct and incorrect disambiguated sources. A translation aligned with the correct source will produce a score close to
1, and a translation aligned with the incorrect source will produce a score close to 0.

conditioning (Vamvas and Sennrich 2021) to evaluate gender bias in the student models from NLLB-200 1.3B,
using NLLB-200 1.3B as the evaluator model and the WinoMT dataset (Stanovsky et al. 2019).

Contrastive conditioning is a method that leverages the probability assigned by a translation model to a
generated translation when presented with controlled variations of the input. Specifically, it involves generating
a translation from the original source sentence with the evaluated model and then calculating the probability of
the generated translation with the evaluator model when the input is a disambiguated version of the source. If the
evaluated model is unbiased, the probability assigned to the translation should be higher when the disambiguated
input aligns with the correct gender. Table 3 shows an example of the disambiguated input and the expected
output in Spanish, and Fig. 12 illustrates the evaluation protocol.

Among the languages in this study, WinoMT only contains a dataset for English, so we can only evaluate
models translating from English into Swabhili, Igbo and Bambara. For each language pair, we evaluated the
student models trained with Dés and Déo (Z € {BS, DBS, top-p, top-k, MBR}). The results in Table 4 show that
generating multiple translations for training reduces gender bias compared to training with a single translation.
Although all methods show improvement, sampling-based methods achieve greater bias mitigation by avoiding
the over-representation of the most likely tokens inherent in BS.
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Table 4. Contrastive conditioning accuracy over WinoMT dataset evaluating gender bias. Higher scores are better and the
bold scores mark the best student models.

NLLB-1.3B | Dy | Dgs | Dis | Diopep | Diopes | Ptk
eng-swh 529 | 49.2 | 510 | 504 | 517| 517 50.1
eng-ibo 527 | 49.4 | 502 | 504 | 50.5| 50.5| 49.4
eng-bam 583 | 50.8 | 503 | 51.5| 523| 51.3| 52.5

5.5 Hallucinations

Hallucination is a well known but atypical issue in MT (Guerreiro et al. 2023) where the model generates an
output that, despite being fluent, is partially or entirely unrelated to the source (Dale et al. 2023). Hallucinations
can significantly undermine users’ confidence in translation models when they occur. Incorporating alternative
translations and increasing the variability of the training corpus may improve the student model’s fluency in the
target language, but not necessarily its translation adequacy. To evaluate this, we analysed the occurrence of
hallucinations in the student models from NLLB-200 1.3B.

Several studies (Dale et al. 2023; Xu et al. 2023) have shown that using cross-lingual sentence embeddings to
measure the similarity between the model output and the reference yields better hallucination detection than
metrics such as COMET (Guerreiro et al. 2023). Therefore, we computed sentence-level SONAR (Duquenne et al.
2023) embeddings for the system outputs and the references, and then computed cosine similarities between
them. To find the values of cosine similarity of SONAR embeddings representing hallucinations, we shuffled the
references and computed the cosine similarities between the shuffled and original references. Fig. 13 displays the
kernel density estimation of the cosine similarity distributions for the systems. The shaded area represents the
shuffled references, which cluster near zero, where hallucinations are expected to appear (Dale et al. 2023).

In most language pairs, models trained with MHD exhibit fewer hallucinations than those trained with
traditional sequence-level KD. The exception is eng-bam, where the teacher model performs particularly poor,
leading to more hallucinations in student models trained with Z)ég compared to Dj. Fewer hallucinations occur
in models producing low-resource languages when trained with sampling-based translations than for models
trained with deterministic translations, while differences are minimal for models generating English. This aligns
with our observations in Section 5.1 regarding the decline in quality of deterministic methods when generating
multiple translations in languages where the teacher is poorly fitted. We hypothesise that this reduction in
hallucinations stems from the way MHD trains the student model: by exposing it to multiple target prefixes
for the same source sentence, the student learns to recover more effectively from an erroneous prediction. This
makes the model less likely to let a single mistaken token cascade into a hallucination, as it has seen a wider
range of valid continuations from which to resume generation.

5.6 Distilling into a Pre-Trained Large Language Model

While previous sections focused on training encoder-decoder student models from scratch, this section explores
the application of MHD to a different paradigm: distilling a large decoder-only teacher model into a small and
pre-trained decoder-only student model. Several state-of-the-art KD techniques for LLMs assume that the student
already possesses a baseline capability for the target task. For instance, GKD (Agarwal et al. 2024) utilises outputs
generated by the student itself during training, and MT-PATCHER (J. Li et al. 2024) focuses on modifying specific
translations where the student fails, rather than training on the full set of teacher outputs.

To evaluate the impact of MHD on the distillation of an LLM into a decoder-only pre-trained student model,
we distilled EMMA-500 8B into Llama-3.2 1B. EMMA 500 is based on an earlier version of Llama, so both models
have a large amount of shared vocabulary. We compared MHD against standard KD approaches, including
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Fig. 13. Kernel density estimations (bandwidth=1.0) for SONAR-based cosine similarities between the output produced by
student models trained on samples generated with different decoding methods and the reference translations. "Shuffled”
denotes the reference sentences shuffled to simulate hallucinations. The intersection highlights the overlap between each
model’s output and the shuffled area.

sequence-level KD and word-level KD, as well as GKD, which we use as a representative method that leverages
the student’s prior knowledge. For MHD, the training corpus was generated with top-p sampling with M = 10
(Z)tl(?p p) while the rest of the techniques utilised the corpus Dy generated with beam search. We used the same
source corpus of 100k sentences for each language pair. Detailed hyperparameter configurations are provided in
Appendix B.

As shown in Fig. 14, MHD consistently outperforms the alternative methods.'? Compared to sequence-level
KD (Dés)’ the improvement stems from the same principle discussed in Section 5.1: MHD provides the student
with a richer and more diverse signal from the teacher.

Notably, word-level KD (WL(Dy,)) slightly degrades the performance compared to the student model before KD.
As previously observed in Section 5.1, leveraging the full probability distribution of the teacher can be detrimental
when the teacher is not correctly fitted for specific language pairs (Fig. 2), leading to high-entropy distributions
that confuse the student. We conducted an additional ablation experiment using only the Kullback-Leibler
divergence between the teacher and student distributions, omitting the cross-entropy loss with the synthetic

12The difference between the models trained on D} top-p (MHD) and the other 4 methods presented in Fig. 14 is statistically signifcant for all

the language pairs.
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ibo-eng

swh-eng

ChrF++

eng-sw

eng-ibo
—— Base —— Dig, —— GKD(Dg)
Dis  —— WL(DL)

Fig. 14. ChrF++ scores of different KD techniques. Base represents the results of Llama-3.2-1B before KD.

target. In this case, the training process collapsed completely, further confirming that a raw distribution-matching
approach is insufficient when the teacher’s signal is noisy.

GKD (GKD(Z)éQ) faces significant challenges in this setup due to its reliance on student-generated prefixes.
For the low-resource languages in this study, small LLMs do not yet provide sufficient translation quality;
consequently, the generated prefixes fail to provide a constructive learning signal. Furthermore, GKD explores
the full probability distribution of the teacher, which leads to the same calibration issues as word-level KD. These
results preclude the use of other KD techniques that require prior knowledge of the task from the student for
many low-resource languages.

MHD provides benefits similar to word-level KD and GKD in terms of exploring the teacher’s probability
distribution more deeply than sequence-level KD, but it avoids their drawbacks. By restricting exploration to
a high-probability subspace through multiple sampled hypotheses, MHD avoids the degradation caused by
the noisy regions of the teacher distribution. Moreover, by providing diverse target-side prefixes, MHD offers
the advantages of on-policy training without the computational burden of autoregressive generation during
training, thereby accelerating training and enabling effective KD even into student models with insufficient prior

knowledge.

5.7 Efficiency

The practical viability of KD techniques is often determined by the balance between the performance gains they
offer and the computational resources they demand. In the context of low-resource languages, where researchers
and organisations may have limited access to high-end infrastructure, efficiency is particularly relevant.
Notably, MHD does not increase synthetic-data generation time relative to sequence-level KD, as sampling is
faster than beam search, and the latter already generates multiple hypotheses internally. While student training
time naturally increases with the enlarged dataset, it remains significantly lower than that of GKD. GKD not only
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requires keeping the teacher in memory during training, as word-level KD does, but it also involves expensive
autoregressive generation by the student.

To illustrate this, the training time for one epoch of Llama-3.2 1B on a single A100 GPU (40GB) in the
experiments of Section 5.6 is 0.99 h for sequence-level KD, 2.2 h for word-level KD, 9.5 h for MHD (scaling
linearly with M relative to sequence-level), and 50 h for GKD. In terms of cost-effectiveness, MHD is the best
method. It should be noted that these figures correspond to a fixed effective batch size of 32 to ensure a fair
comparison. However, the varying memory requirements of each method allow for further acceleration when
VRAM is available. Word-level KD and GKD require the teacher to be kept in memory, occupying 32 GB of
VRAM in this setup. In contrast, sequence-level KD and MHD only require the student model, consuming
only 14 GB. This lower memory footprint allows MHD to utilise significantly larger batch sizes on the same
hardware, further accelerating training compared to word-level based methods. This also makes MHD feasible in
resource-constrained scenarios where only small GPUs are available.

Regarding storage costs, the MHD dataset size grows by a factor of M. For example, a 100k-sentence corpus
expands from approximately 10 MB to 100 MB, while a 1M-sentence corpus grows from 100 MB to 1 GB. These
amounts remain negligible when compared to the size of the teacher model itself; for instance, the 1.3B-parameter
NLLB-200 occupies 11 GB on disk. Consequently, the additional storage required by MHD is modest relative to
the overall system footprint and the significant performance gains it provides.

6 Concluding Remarks

This study has investigated the effectiveness of MHD, a technique that generates multiple translations from the
same source sentence for KD, as well as the impact of different decoding methods.

First, we show that MHD is broadly applicable across model types: it is effective when distilling both encoder-
decoder models and LLMs, and it improves performance regardless of whether the student is an encoder-decoder
trained from scratch or a pretrained LLM. Across all configurations, MHD consistently outperforms standard
sequence-level KD and other alternatives such as word-level KD and GKD. By relying on multiple offline-generated
hypotheses, MHD avoids the instability of on-policy training and the computational overhead of maintaining the
teacher model in memory, making it a computationally efficient and robust method, particularly well suited for
low-resource scenarios where both data and compute are limited.

Regarding the different scenarios defined by the availability of monolingual corpora (Section 4.2), MHD matches
or slightly outperforms the teacher from English to low-resource languages (scenario “from English” as described
in Section 4.2), where up to 1M monolingual sentences are available, but leaves a gap in translation into English.
In multilingual models, it may not be possible to extract all the bilingual knowledge from the teacher model
with only the synthetic parallel corpus of one language pair, since thanks to positive transfer learning, part
of the translation ability comes from other language pairs. In NLLB-200, which is trained on different parallel
corpora with English as the target, a relatively small monolingual corpus (containing between 100k and 1M
sentences depending on the source language) translated into English by the teacher cannot capture all the English
knowledge of the model. In this scenario (“into English” in Section 4.2), MHD produces better results than
traditional KD with BS (Djs), but does not improve the performance of the teacher. A similar pattern is observed
in the “zero-shot” scenario, where only 100k monolingual sentences are available, with the key difference being
that in this case Dgg fails to train effective student models. In contrast, datasets generated using MHD allow the
training of student models that achieve performance close to that of the teacher.

Second, when generating multiple hypotheses, sampling methods extract more useful information from the
teacher than deterministic approaches. This advantage becomes particularly clear when the teacher is not well
fitted to the language pair. Sampling methods have a natural advantage over deterministic approaches because
the diversity they introduce reflects the probability distribution of the teacher model. Methods such as top-p
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generate each translation independently by following the model’s learned distribution. This allows the synthetic
corpus to capture alternative translations that the teacher has assigned a significant probability. By contrast,
deterministic methods enforce dissimilarity among hypotheses, often introducing artificial diversity by forcing
exploration of regions with low probability. Consequently, increasing the number of BS hypotheses leads to
quality degradation, while sampling methods can scale to a large number of translations without degradation.
This allows MHD to achieve, in some cases, better performance with very small corpora than sequence-level KD
trained on much larger datasets.

Third, the benefits of MHD are most pronounced in low-resource scenarios, where the amount of available
monolingual data is limited. In these settings, MHD significantly improves vocabulary coverage by exposing the
student to multiple alternative translations per source sentence, especially when using sampling methods. As the
size of the monolingual corpus increases, this advantage becomes less pronounced, although MHD still provides
improvements. In higher-resource settings, leveraging the inherent diversity of the source corpus together with
high-quality deterministic translations becomes increasingly effective.

Finally, increasing hypothesis diversity has additional benefits beyond translation quality. MHD consistently
reduces hallucinations and mitigates gender bias amplification across all decoding methods. Sampling-based
approaches are particularly effective in this regard, as they avoid the over-representation of the most likely tokens
inherent to beam search.

More generally, the choice of the decoding method plays a key role in MHD. Methods such as MBR achieve
strong performance in extremely low-resource settings, but are computationally expensive. In contrast, top-p
sampling provides a better trade-off between performance and efficiency, making it preferable in most scenarios.
Deterministic methods can still be advantageous when the teacher model is highly reliable for the language pair
and the available corpus is sufficiently large, as high-probability translations together with data diversity can
compensate for the limited variability introduced by the decoding process.

It is worth noting that our study is limited to a set of African languages and English. Although MHD does not
rely on any language-specific components, and our experiments include unrelated language pairs, we cannot
fully guarantee that these conclusions extend to other language families, as this has not been empirically verified.

Additionally, the current formulation of MHD treats all generated hypotheses equally, regardless of the extra
information or the quality that each one carries. A promising avenue for future work would be to weight each
hypothesis according to the teacher model’s confidence and its variability with respect to the other hypotheses
generated for the same source sentence, potentially allowing the student to give more weight to more informative
or reliable translations.

Ethics Statement

Knowledge distillation endeavors to produce smaller, more resource-efficient MT systems, thereby diminishing
energy requirements compared to the original teacher systems and consequently aiding in the reduction of
CO; emissions. Moreover, it lowers the entry barrier for deploying MT models, as the resulting models work
on lower power hardware. Our student models are remarkably compact, operating at a mere 5% of the teacher
model size. However, delving into knowledge distillation necessitates a substantial number of training iterations,
each accompanied by its own energy consumption. For the experiments detailed in this paper, we trained 522
Transformer models employing NVIDIA GeForce RTX 2080 Ti GPUs and fine-tuned 18 Llama-3.2-1B models
employing NVIDIA A100-SXM4 (40GB) GPUs. Furthermore, all corpora and tools utilised in this study are
available under open source licenses, ensuring the complete reproducibility of the presented results.
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A Dataset Formalisation

This appendix formalises the generation of M hypotheses with each decoding method Z and their integration into
the datasets used for MHD. We define each set of M translations per source sentence x’ as yZi ={g", ..., "M}
Therefore, each dataset containing N parallel sentences is defined as:

N M
oy = JUte ™ @

where §*™ € Y.
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Beam Search (BS). Beam Search maintains a set of n partial hypotheses H; at each time step ¢, expanding them
by selecting the most n probable tokens over the vocabulary V:

Hyryr = max, (H; x V), ©)
Where max, selects the n hypotheses with the highest probability:

P(yrr | x) = P(yre-1 | X*) - P(yr | y<s, x°). (6)
The final set of M translations is:

Yyis = maxy (Hr). (7)
Note that n must be equal to or greater than M.

Diverse Beam Search (DBS). Diverse Beam Search divides the beam into G groups and applies a penalty A(y;.;).
Each group g is defined as:

Hiyy = topng (H X V), (®)
Where the probability of each hypothesis is adjusted with the diversity penalty:
P(yre | x') = P(yre-1 | x) - P(yr | Y<i, x7) = A(yne)- )
The final set of M translations is:
. G
Ypps = top-M (U 7‘(?) . (10)
g=1
Top-k Sampling. At each time step ¢, the set of the k most probable tokens is defined as:
V; = maxy (P(yt | y<s, xi)) . (11)
A translation is generated by sampling from the renormalised distribution P+, over V;:
Yr ~ Py, (ys | y<o, ), (12)
The set of M generated translations is:
7 i ~im | ~im T \M
ytop_k = {y’ [ 9" ={y: ~ (Vt}tzl}mzl . (13)

Top-p. The set of tokens whose cumulative probability mass reaches p is defined as:

V; = {y; € argmin,, Z Py |y, x)=pt. (14)
yeV

Where argmin returns the smallest set of tokens with a probability mass of p. A translation is generated by
sampling from the renormalised distribution V;:

Yr ~ P(V,(yt | Y<ts xi)a (15)

The set of translations is:

. > i M
Stop =T 15 = {ye ~ Vidioa by - (16)
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Minimum Bayes Risk (MBR). We first generate a set of n hypotheses H(x') = {hy, hy, ..., h,} using epsilon
sampling (Hewitt et al. 2022). The utility function U (h, ¢) measures the similarity between a hypotheses h and
a candidate c. In our experiments, we computed the utility using fastChrF (Vamvas and Sennrich 2024). The
expected utility for a hypothesis A is defined as:

U(h) = Z P(c|x)-U(hc), (17)

ceH(x(D)

where P(c | x!) is the probability assigned to candidate ¢ by the teacher model. The optimal translation is the
one that maximises the expected utility:

i = argmaxy e (i U (h). (18)
To generate M diverse hypotheses, we select the top M hypotheses with the highest expected utility:

Yylon =maxy (U(h) | h e H(x)). (19)

B Training Details

Each encoder-decoder student model consist of a transformer (Vaswani et al. 2017) with 6 layers for both the
encoder and the decoder, embedding dimension of 512, feed-forward inner-layer dimension of 2048, and 8 attention
heads. All our models were trained using the Fairseq toolkit'® and a different joint bilingual SentencePiece (Kudo
and Richardson 2018) model for each language pair, trained on the training samples generated from the teacher
with a vocabulary of 10,000 tokens. For training we used a learning rate of 0.0007 with the Adam (Kingma and
Ba 2015) optimizer ($;=0.9, $,=0.98), 8,000 warm-up updates and 8,000 max tokens. We used dropout of 0.1
and updated the model after 2 training steps. The cross-entropy loss with label smoothing was computed on
the development set after every epoch and the best checkpoint was selected after 6 validation steps with no
improvement.

To distil EMMA-500-8B into Llama-3.2-1B, we used the SFT Trainer!* and GOLD Trainer!® classes from
the TRL library.'® The SFT Trainer was used to implement both standard sequence-level KD and MHD. For
GKD, we utilised the GOLD Trainer implementation, as this enables distillation between models with different
tokenizers (Boizard et al. 2025). In the GKD experiments, the interpolation parameter was set to A = 0.5, providing
a balanced supervision between the student’s predictions and the reference targets. The GOLD Trainer also
allows the use of word-level KD with the following hyperparameters: A = 0.0, § = 0.0, and uld_crossentropy=0.5.
Table 5 summarises the core hyperparameters used during the fine-tuning process of the student models.

The training was conducted on NVIDIA A100-SXM4 (40GB). While the per_device_train_batch_size and
gradient_accumulation_steps were dynamically adjusted based on the available VRAM and the specific KD
method, we maintained a constant effective batch size of 32 for all experiments to ensure a fair comparison.

C Corpora

The largest corpora correspond to English and Swahili. The English corpus is a fragment of OSCAR-3301 dataset’
and for Swahili we used Monolingual African Languages from ParaCrawls, a collection of corpora available for

Bhttps://github.com/facebookresearch/fairseq
https://huggingface.co/docs/trl/sft_trainer
Bhttps://huggingface.co/docs/trl/gold_trainer
8https://huggingface.co/docs/trl/index
https://huggingface.co/datasets/oscar-corpus/OSCAR-2301
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Table 5. Summary of hyperparameters for student pre-trained LLM (Llama-3.2) KD.

Hyperparameter  Value
Effective Batch Size 32

Learning Rate 2x107°

Training Epochs 1

Optimiser paged_adamw_8bit
LR Scheduler Type  Cosine

Warmup Ratio 0.03

Table 6. BLEU scores for NLLB-200 1.3B on the FLORES+ devtest dataset for different decoding methods: beam search (BS),
diverse beam search (DBS), top-p (average of 3 runs), top-k (average of 3 runs), and MBR.

Method eng-swh eng-ibo eng-bam swh-eng ibo-eng bam-eng bam-swh

BS 33.1 16.1 6.8 42.9 30.3 17.8 11.6
DBS 32.2 13.7 6.1 42.4 30.3 16.2 8.3
top-p 25.1 12.4 4.9 34.8 24.3 14.4 8.9
top-k 21.5 10.9 4.6 28.8 20.9 12.6 8.3
MBR 30.3 15.1 6.3 42.2 29.8 14.9 10.1

the joint task Large-Scale Machine Translation Evaluation for African Languages"at WMT22 (D. Adelani et al.
2022). The Igbo corpus was obtained from the same collection.

To clean these three corpora, we used monocleaner (Sanchez-Cartagena et al. 2018). We used the available
ready-to-use language packages for English and Swabhili and trained a model for Igbo using the Igbo part of the
wmt22_african dataset.'® We removed all sentences with a monocleaner score lower than 0.5 and, for English and
Swahili, we then randomly picked one million sentences. For Igbo, our final corpus comprises 451,789 sentences.

For Bambara we collected all available corpora in Hugging Face.'” For the MADLAD-400 (Kudugunta et al.
2023) corpus we used only the clean part. After concatenating these corpora, we removed duplicated sentences
and the result was 108,187 sentences.

D Additional Results

This sections reports additional results to measure the effect of decoding methods in sequence-level KD.

D.1 NLLB-200 1.3 Translation Quality

Table 6 shows the impact of each decoding method on the translation quality of NLLB-200 1.3B, evaluated with
BLEU.

D.2 Teacher Models Translation Quality

Tables 7 and 8 show the impact of each decoding method on the translation quality of NLLB-200 3.3B, as evaluated
using chrF++ and BLEU, respectively.

Table 9 shows the impact of each decoding method on the translation quality of EMMA-500 8B, as evaluated
using BLEU.

Bhttps://huggingface.co/datasets/allenai/wmt22_african

https://huggingface.co/datasets/RobotsMaliAl/bayelemabaga, https://github.com/masakhane-io/lafand-mt, https://wortschatz.uni-leipzig.
de/en/download/Bambara, https://github.com/facebookresearch/flores/tree/main/nllb_seed, https://huggingface.co/datasets/bigscience/xP3,
https://huggingface.co/datasets/allenai/ MADLAD-400
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Table 7. chrF++ scores of NLLB-200 3.3B on the FLORES+ devtest dataset when decoding with beam search, diverse beam
search, top-p (average of 3 runs) and top-k (average of 3 runs).

eng-swh eng-ibo eng-bam swh-eng ibo-eng bam-eng bam-swh
BS 59.2 41.2 31.1 65.0 53.3 39.0 36.0
DBS 59.0 40.6 29.4 64.6 52.7 38.9 35.2
top-p 55.9 38.6 28.5 61.1 49.7 36.8 33.7
top-k 50.4 35.5 27.0 54.8 45.3 34.6 32.0

Table 8. BLEU scores of NLLB-200 3.3B on the FLORES+ devtest dataset when decoding with beam search, diverse beam
search, top-p (average of 3 runs) and top-k (average of 3 runs).

eng-swh eng-ibo eng-bam swh-eng ibo-eng bam-eng bam-swh
BS 33.9 16.2 7.0 44.8 32.0 17.5 10.8
DBS 32.7 15.9 6.0 44.2 31.1 17.1 10.7
top-p 28.9 14.0 5.9 39.7 28.1 15.1 9.3
top-k 22.1 10.8 4.7 30.9 21.9 12.1 7.0

Table 9. BLEU scores of EMMA-500 8B on the FLORES+ devtest dataset when decoding with beam search and top-p.

eng-swh eng-ibo eng-bam swh-eng ibo-eng bam-eng
BS 35.0 18.4 3.0 45.7 29.0 13.3
top-p | 325 16.6 3.1 41.2 25.1 11.3

D.3 Experiments with 100k Sentences

Figure 15 shows the BLEU scores obtained by student models trained on corpus generated by NLLB-200 1.3B.
The results obtained using NLLB-200 3.3B are shown in figures 16 and 17.

D.4 Experiments with 500k and 1 Million Sentences

Tables 10 and 11 show the BLEU and chrF++ scores of the trained student models together with the teacher score.
The results in Table 11 correspond to those in Fig. 8, together with the directions for which the available corpus
does not reach one million sentences.

D.5 Experiments with 100 Samples

Table 12 show the chrF++ scores of student models trained with corpus generated by beam search and top-p
sampling with varying numbers of hypotheses, under two source corpus sizes (100k and 1M sentences).

Received 15 April 2026; accepted 21 August 2026
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Fig. 15. Average BLEU score obtained by student models trained on M samples generated with different decoding methods

(x-axis).

Fig. 16. Average chrF++ score obtained by student models trained on M samples generated by NLLB-200 3.3B with different

decoding methods (x-axis).
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Fig. 17. Average BLEU score obtained by student models trained on M samples generated by NLLB-200 3.3B with different
decoding methods (x-axis).

Table 10. BLEU scores on the FLORES+ devtest for several student models and the teacher. Underlined results are those that
show no statistically significant difference compared to Dj. Bolded results are those that show no statistically significant
difference compared to Dég.

eng-swh eng-ibo eng-bam swh-eng ibo-eng bam-eng bam-swh
NLLB 1.3B 33.1 16.1 6.8 429 307 17.8 11.6
Word-level D 289 142 0.0 248 108 0.1 0.0
100k Dy, 262 141 4.7 229 100 5.8 2.1
100k D2 304  15.6 0.3 279 121 8.7 1.2
100k D 302 159 6.3 284 124 8.3 6.1
100k Dy, , 311 16.0 6.6 29.4 13.4 9.9 7.7
100k .@tlfp_k 309  15.8 6.3 29.1 13.4 9.7 7.5
100k D[ 308 16.1 7.1 289 1238 9.0 6.8
500k Dy 31.5 15.4 6.3 313 14.2 - -
500k Dy 33.5 15.1 6.4 32.7 15.5 - -
500k D 332 169 6.6 340 169 - -
500k Dyg, , 33.9 16.9 6.9 33.3 16.2 - -
500k z)tl(fp_k 33.4 16.0 6.7 33.6 17.1 - -
1M Dy 335 16.5 6.5 34.0 - - -
1M DY 341 170 6.8 34.5 - - -
IM D 340 157 6.6 35.6 - - -
M Dy, 33.8 16.6 7.1 34.1 - - -
M z)gfp_k 33.7 16.7 7.1 34.4 - - -
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Table 11. chrF++ scores on the FLORES+ devtest for several student models and the teacher model.

eng-swh eng-ibo eng-bam swh-eng ibo-eng bam-eng bam-swh
NLLB 1.3B 59.2 410 30.9 63.5 52.6 38.6 35.6
Word-level D/ 554 384 4.8 489 335 6.3 5.1
100k D¢ 524 37.6 27.8 475 327 25.5 8.7
100k D2 569 396 12.6 507 355 29.1 204
100k D¢ 56.6  40.0 28.9 523 360 29.5 289
100k Dyg. ., 57.4 39.9 30.1 52.7 36.7 30.6 30.9
100k D0 56.9 39.9 29.4 52.7 36.7 30.6 31.0
100k D\f. 57.7  41.2 31.3 53.3  36.6 31.5 32.3
500k Dl 578 40.0 30.4 54.6 373 - -
500k D 59.2 401 30.7 55.7  39.2 - -
500k DL 59.2 411 29.8 56.5  40.7 - -
500k DS 594 412 30.9 56.2 39.7 - -
500k D¢, 59.2 40,5 30.9 56.7 398 - -
1M DL 578 415 30.5 55.8 - - -
1M DL 59.7 416 31.0 57.0 - - -
M D% 59.6  40.4 30.2 57.9 - - -
MDY, 59.3  41.0 31.0 56.8 - - -
MDY 594 411 31.0 57.1 - - -

Table 12. chrF++ scores on the FLORES+ devtest for student models trained with beam search and top-p corpora with
different numbers of hypotheses across data scales.

source: 100k source: 1M
1 10 100 1 10
Z)BS ’Z)top—p Dtop—p 'Z)BS Dtop-p

eng-swh 524 574 58.7 57.8 593
eng-ibo  37.6  39.9 42.17 415 410
eng-bam 27.8  30.1 31.6 305 310
swh-eng 47.5 527 51.34 558 56.8
ibo-eng 327  36.7 36.27 - -
bam-eng 255  30.6 30.46 - -
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