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Abstract

Knowledge distillation (KD) compresses
large teacher models into smaller student
models by transferring soft labels or in-
termediate activations. While effective in
general domains, KD alone falls short in
specialised machine translation (MT) set-
tings, such as biomedical translation. The
student inherits only the teacher’s com-
pressed knowledge and lacks access to
external domain information. Moreover,
standard KD typically relies on abundant
parallel data, which is often unavailable
in domain-specific scenarios. To address
these limitations, we combine KD with
retrieval-augmented generation (RAG) in a
few-shot setting. We propose a retrieval-
augmented enhanced few-shot KD frame-
work for French-to-English biomedical
translation task. The student learns to re-
trieve relevant in-domain knowledge from
an external database, complementing the
teacher’s supervision. We design and
compare several retrieval strategies to en-
hance student capacity. Experiments show
that with our terminology-aware retrieval-
based methods, the student achieves per-
formance comparable to or better than the
teacher, while preserving translation qual-
ity and efficiency.

1 Introduction

Large Transformer-based MT systems (Vaswani et
al., 2017; Costa-Jussa et al., 2022; Devlin et al.,
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2019; Touvron et al., 2023) including massively
multilingual encoder-decoder architectures (Xue et
al., 2021; Costa-Jussa et al., 2022) and large lan-
guage models (LLMs) (Touvron et al., 2023; Team
et al., 2025) have shown state-of-the-art perfor-
mance across diverse translation tasks. However,
these models are often computationally expensive
and inefficient for real-world deployment due to
their substantial parameter scale and high infer-
ence latency (Pang et al., 2025; Fernandez et al.,
2025). A widely adopted approach to mitigate this
issue is KD (Hinton et al., 2015), which transfers
knowledge from a cumbersome teacher model to a
smaller and more efficient student model. Kim and
Rush (2016) were the first to investigate KD tech-
niques for NMT. Since then, a swathe of research
has explored its various applications (Gu et al.,
2018; Kasai et al., 2020; Gou et al., 2021; Wang
et al., 2021; Zhou et al., 2021). Notably, Kim
and Rush (2016) introduced an effective sequence-
level KD technique for training small student mod-
els based on pseudo target sequences generated
by a large teacher model. While this technique
effectively decreases both the size of the model
and inference time, resulting in minimum loss in
performance across various benchmarks (Kasai et
al., 2020; Sanh et al., 2020; Gou et al., 2021;
Wang et al., 2021), standard KD techniques con-
fine the transferred knowledge within the student’s
static parameters. Consequently, a shallow student
model may have a limited parametric memory that
cannot be easily expanded. Additionally, during
inference, the student model cannot leverage the
task- or domain-specific knowledge embedded in
the teacher’s soft labels or intermediate activations.

Retrieval-augmented generation (RAG) (Lewis
et al., 2021) can address the aforementioned lim-
itations by injecting external knowledge at in-



ference time through retrieval from a dedicated
knowledge base. For instance, Zhang et al. (2023)
used parametric knowledge encoded in student
model’s weights and non-parametric knowledge
accessible via retrieval, yielding to higher-quality
distilled models. More recently, Wang et al. (2025)
introduced RAGtrans, a benchmark specifically
designed to train and evaluate LLMs on retrieval-
augmented MT using unstructured documents.
Other studies have leveraged information retrieval
from structured knowledge graphs (KG) to im-
prove performance of the MT systems. For in-
stance, Conia et al. (2024) proposed a multilingual
KG-MT method to integrate information into the
MT models, while Chen et al. (2024) developed
a multi-agent framework that constructs internal
context-based KGs in order to guide the retrieval
of external information.

Translating domain-specific terms remains a
major challenge in NMT, particularly in low-
resource settings where terminology is critical for
preserving meaning (Haque et al., 2020; Saun-
ders, 2022; Moslem et al., 2023; Kim et al.,
2024; Zheng et al., 2024). While the aforemen-
tioned retrieval-augmented methods have achieved
notable success using unstructured documents or
complex knowledge graphs, the potential of term-
based retrieval remains largely unexplored within
the KD framework. In this work, we explore the
use of non-parametric memory for low-resource
biomedical translation, allowing student models to
leverage both teacher outputs and retrieved con-
textual information during inference. Specifi-
cally, we propose a retrieval-augmented enhanced
few-shot KD framework. Our approach incorpo-
rates a terminology-driven non-parametric mem-
ory alongside the model’s parametric weights, fur-
ther refined by a test-time adaptation strategy. We
conduct an extensive evaluation of this frame-
work on the French-to-English biomedical trans-
lation task, comparing various retrieval strategies
and scaling configurations. Our results demon-
strate that prioritising terminology-driven retrieval
significantly improves the translation of domain-
specific entities, allowing compact student mod-
els to achieve performance levels comparable to
much larger teacher architectures. In summary,
our key contributions are as follows: (i) to ad-
dress the limitations of standard distillation, we de-
veloped a retrieval-augmented KD framework for
a low-resource French-to-English biomedical MT

that integrates terminology-aware non-parametric
memory. This grounding in an external knowl-
edge base provides the student model with crit-
ical domain-specific context that is absent from
its internal parameters, (ii) our results demonstrate
that terminology-driven retrieval can effectively
bridge the domain gap for shallow student models.
This approach consistently outperforms standard
semantic retrieval, achieving a peak average score'
of 80.07 at & = 15. This represents a 0.73 point
absolute gain (corresponding to a 0.92% increase)
and a 3.24 point absolute gain (corresponding to a
4.22% increase) over the best-performing seman-
tic configuration and distilled student baseline, re-
spectively, demonstrating the framework’s ability
to effectively bridge the domain gap in biomedical
translation, and (iii) we provide a comprehensive
analysis of the optimal RAG-KD configuration,
identifying that the integration of a terminology-
aware external memory with k neighbours be-
tween 12 and 19 yields the most effective setup.

The remainder of the paper is organized as fol-
lows: Section 2 reviews related work in KD and
retrieval-augmented translation. Section 3 details
our proposed retrieval-augmented few-shot KD
framework and terminology-aware retrieval strate-
gies. Section 4 describes the experimental setup,
datasets and evaluation metrics used. This section
also presents our results and a comparative anal-
ysis of different retrieval configurations. Finally,
Section 5 concludes the paper and discusses future
research directions.

2 Related Work

There is a growing body of research focused on
KD, where a compact student model is used for
inference instead of a larger teacher model. Re-
cently, Li et al. (2025) introduced LLKD, a frame-
work designed to optimise transfer of knowledge
from massive teacher models to smaller, more ef-
ficient student models through an adaptive sam-
ple selection strategy, facilitating easy deploy-
ment of high-performing student models. Gen-
erally, KD has been classified into task-specific
and task-agnostic approaches. In task-specific
KD, the student model is trained to replicate the
teacher model’s performance on a single target
task (Zhang et al., 2017; Jin et al., 2019; Sun et al.,

!'The average score refers to the mean value of multiple trans-
lation quality metrics that provides a single, consolidated
measure of model performance (cf. Section 4).



2019; Mirzadeh et al., 2020; Zafar et al., 2025b).
Conversely, task-agnostic KD can produce a versa-
tile student model that may be fine-tuned for vari-
ous downstream applications following the initial
distillation phase (Jin et al., 2019; Sanh et al.,
2020; Sun et al., 2020; Xu et al., 2020; Zhang et
al., 2020; Wang et al., 2021).

Within task-specific KD, MetaDistil (Zhou et
al., 2022) serves as a baseline that employs meta-
learning to improve the transfer of teacher knowl-
edge. ReAugKD (Zhang et al., 2023) extends the
efficacy of task-specific KD and the fine-tuning
of task-agnostic distilled models by introducing
a retrieval-augmented approach. This framework
transfers relational knowledge between teacher-
teacher and teacher-student embedding distribu-
tions, thereby aligning the student’s latent space
with that of the teacher. This alignment signifi-
cantly enhances the student model’s ability to in-
terface with external memory during inference.
Notably, they demonstrated that ReAugKD sub-
stantially improves the student model’s generali-
sation capabilities without the prohibitive compu-
tational overhead of retraining the entire teacher
model through meta-learning.

Wang et al. (2025) focused on leveraging un-
structured multilingual data, such as Wikipedia, to
provide essential context for knowledge-intensive
sentences. Their experimental results demon-
strated significant boosts in translation quality, im-
proving both BLEU (Papineni et al., 2002) and
COMET (Rei et al., 2020) scores for English-to-
Chinese and English-to-German translation tasks.

Sun et al. (2025) proposed Self-Supervised Pref-
erence Optimisation (SSPO) through which LLMs
iteratively generate high-quality translation pref-
erence data for Direct Preference Optimization
(DPO) (Rafailov et al., 2024) training. Their strat-
egy focused on the iterative refinement of trans-
lation preference pairs; specifically, they demon-
strated that integrating model-generated prefer-
ences with high-quality external data during DPO
training yields superior performance compared to
relying solely on source-side signals. SSPO’s ef-
fectiveness was tested on multiple languages, do-
mains and models, showing consistent improve-
ments in translation performance without relying
on external human or model annotations.

Ramos et al. (2025) proposed an in-context
learning framework GRAMMAMT. It works by
prompting an LLM with a grammatical informa-

tion from Interlinear Glossed Text. Their exper-
imental results demonstrate that GRAMMAMT
yields notable improvements, especially in transla-
tion scenarios involving unseen or endangered lan-
guages.

RAG is a well-established method for tasks re-
quiring factual accuracy and enhanced knowledge
retrieval, where querying training examples during
inference significantly improves likelihood. Zhan
et al. (2025) presented MMRAG, a framework de-
signed to improve the processing of LLMs for
complex biomedical information. By leveraging
various strategies, their systems identified the most
effective reference examples to help models per-
form tasks like identifying drug interactions and
classifying medical text. Their experiments us-
ing various retriever tools and models like Llama-
3 (Touvron et al., 2023) demonstrated that struc-
tured example selection yields substantial accu-
racy gains over random sampling. Ultimately, their
work addressed data scarcity in healthcare by re-
fining in-context learning, emphasizing that the
methodology of information retrieval and presen-
tation is critical for high-performance results in
specialised domains.

Despite the efficiency gains offered by KD, a
fundamental limitation remains: the student model
is restricted to the ‘closed-world’ knowledge of
the teacher, which often lacks the specialised en-
tities required for domain-specific tasks. To ad-
dress this, recent research has moved toward aug-
menting the distillation process with external ev-
idence through RAG. As discussed above, Zhang
et al. (2023) complemented the teacher’s supervi-
sion by providing the student with access to non-
parametric memory at inference time. Conversely,
while Zheng et al. (2024) emphasised the impor-
tance of terminology-enhanced prompting, it is de-
signed for large-scale few-shot LLMs rather than
the efficient, compressed student architectures re-
quired for real-world deployment. In contrast, our
proposed framework introduced a terminology-
aware hybrid retrieval strategy that prioritises ter-
minological consistency — a critical requirement
for maintaining semantic accuracy in specialised
translation tasks. Furthermore, we moved beyond
static retrieval by incorporating a dynamic test-
time adaptation phase, allowing the student model
to internalise query-specific domain knowledge at
inference time. This unique combination ensures
that our compact model achieves performance par-



ity with much larger teachers while maintaining
the efficiency necessary for specialised NMT ap-
plications

3 Retrieval-Augmented Knowledge
Distillation for MT

This section describes our proposed retrieval-
augmented KD framework. Our framework em-
ploys a retrieval mechanism that retrieves a non-
parametric memory at inference time, composed of
(i) source-—target sentence pairs from the training
set and (ii) translations generated by the teacher
model. The MT system (student) dynamically
adapts itself to each query (i.e. input sentence to be
translated) at inference time by retrieving semanti-
cally similar translation examples and performing
query-specific on-the-fly fine-tuning.

3.1 Semantic Indexing of Knowledge Sources

We created two separate knowledge pools and in-
dexed them for semantic retrieval. The first pool
was derived from an external monolingual corpus
containing French sentences (cf. Table 1), here-
after referred to as DistilledMemory. The second
pool is built from the parallel training set (cf. Table
1), referred to as ParalleIMemory.

Both corpora were encoded into dense vec-
tor representations using intfloat/e5-small-v2?
Sentence Transformer (Reimers and Gurevych,
2020).3 This process produced fixed-dimensional
embeddings that capture the semantic content of
each sentence. The resulting embeddings formed
two independent semantic indices, enabling effi-
cient similarity-based retrieval during inference.
The semantic indexing process is illustrated in the
Initialisation Phase of Figure 1.

3.2 Retrieval at Inference Time

At inference time we encoded the query into an
embedding vector again using Sentence Trans-
former. We then computed cosine similarity be-
tween the query embedding and every stored em-
bedding in both knowledge pools independently.
From the DistilledMemory, the top-k most simi-
lar source sentences are retrieved, keeping a mini-
mum similarity threshold of 0.5 to discard weakly
related examples. From the ParallelMemory, the
top-n most similar sentences are retrieved.

https://huggingface.co/intfloat/
eb-small-v2

*https://pypi.org/project/
sentence-transformers/

3.3 Few-Shot Adaptation

The retrieved exemplars served a dual purpose:
providing contextual references and acting as
a localised, query-specific training signal for
lightweight test-time adaptation. We use a tem-
porary deep copy of the student model without
changing the original model’s parameters. This
temporary model copy was switched to training
mode and finetuned for 10 gradient steps using the
AdamW optimizer (Loshchilov and Hutter, 2019)
with a learning rate of 5 x 1075, The adaptation
process was conducted on the retrieved source—
target pairs, which were padded and truncated
to a maximum length of 256 tokens. We em-
ployed a standard cross-entropy loss — guided by
the teacher’s distributions — as the optimisation ob-
jective.

The dynamic adaptation allowed the student
model to briefly adapt its parameters to the lo-
cal semantic neighbourhood of each specific in-
put sentence to be translated. With this, the pro-
cess internalised the domain-specific vocabulary,
terminology, and syntactic patterns that are char-
acteristics of the most similar sentences in the re-
trieval pools. The adapted model copy existed only
for the duration of a single query’s translation and
was discarded afterward. This dynamic few-shot
adaption strategy was integrated into our inference
pipeline, as illustrated in the Inference Phase of
Figure 1.

3.4 Terminology-Based Few-Shot Adaptation

The standard retrieval-augmented methods often
suffer from ‘semantic noise’, where sentences with
similar syntactic structures but unrelated meanings
are retrieved (Zheng et al., 2024). To ensure the
adaptation process is driven by the most informa-
tionally dense segments of the input, we first ex-
tract specialised terminology from the source sen-
tences. We used spaCy* to identify named en-
tities, noun phrases and tokens tagged as proper
nouns. These entities correspond to domain spe-
cific concepts such as medical entities, treatments,
or substances. Furthermore, to capture clinical nu-
ances that standard NLP terminology extractors of-
ten overlook, we applied rule-based regex patterns
to identify dosages and measurement expressions
(e.g., milligrams or milliliters), and temporal fre-
quency indicators. Like dense sentence embed-

*A library for NLP that supports French.https://pypi.
org/project/spacy/
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Figure 1: Architectural Overview of the Retrieval-Augmented Inference and Test-Time Adaptation Pipeline

dings, the mined terms were indexed for efficient
lookup.

During inference, the query sentence under-
goes the same terminology extraction and em-
bedding computation. Retrieval is performed us-
ing a hybrid similarity function that combines ter-
minology overlap with semantic similarity. The
terminology-based score is computed using Jac-
card similarity between the query’s terminology
set and that of each candidate sentence. The final
retrieval score is defined as a weighted combina-
tion of the terminology and semantic similarities,
as in (1):

Sfinal =« Simterm + (1 - Oé) : Simsem (1)

where Simg, denotes the terminology similarity,
calculated as the Jaccard similarity between the
sets of terms extracted from the source query and
the candidate segment, Simgen represents the se-
mantic similarity, computed as the cosine similar-
ity between their respective sentence embeddings,
and the hyperparameter o € [0, 1] balances the
contribution of local term-level matching against
global semantic context. In our experiments, we
performed a grid search over o values and ob-
served that higher weightings for terminology sim-
ilarity yielded better system performance. Specif-
ically, we found az = 0.8 to be the most effective,
prioritising the better retrieval of domain-specific
terms over broader semantic alignment.

4 Experiments

4.1 Dataset

For our experiments we used French—English (Fr—
En) parallel data from the biomedical domain,
ELRC-EMEA OPUS.’ This is a medical domain
data, covering a range of topics such as medicine,
treatments, and pharmaceutical information. The
data statistics are shown in Table 1. Prior to train-
ing, we removed duplicate sentence pairs from
the corpus to ensure data quality. From the clean
dataset, we sampled 1,000 and 2,000 source—target
sentence pairs to create the validation and test sets,
respectively. The statistics reported in Table 1 re-
flect the dataset after duplicate removal.

Table 1: Data Statistics

Sentences Vocabulary
French English
Train 759,861 85,627 69,036
Valid 1,000 4,454 3,963
Test 2,000 4,557 4,052
Monolingual (Fr) 153,056 42,031 -

During inference, our MT systems (i.e., the
student models) leverage non-parametric external
memories implemented through a RAG framework
(cf. Section 3). In addition to the parallel cor-
pus, we used monoligual French data from ELRC-

S0OPUS: https://opus.nlpl.eu/ELRC-EMEA/fr\
&en/v1/ELRC-EMEA



Table 2: Performance of teacher, quantized teacher, and student models on the French—-English biomedical test set.

Model SacreBLEU chrF++ COMET BERTScore BLEURT Mean
P R F1

Teacher 68.33 81.40 89.23 79.82 7727 78.49 53.28 75.40

Teacher (quantized) 70.36 83.26 90.48 83.83 81.80 82.78 55.29 78.25

Student 68.13 81.42 89.11 82.54 80.09 81.28 56.83 77.05

2720° and EMEA-v3.7 We ensured that the mono-
lingual corpus contains no overlap with the French
source sentences in the parallel training data. The
statistics of this data is shown in the last row of
Table 1.

4.2 Baseline MT Systems

We employed MarianMT models (Junczys-
Dowmunt et al., 2018) for our teacher—student
training setups. As a teacher model, we used the
Helsinki-NLP/opus-mt-tc-big-fr-en®  checkpoint,
which corresponds to a large Transformer model
(henceforth big Transformer (BT)). For our
student models, we used Helsinki-NLP/opus-mt-
fr-en” checkpoint. From now on this model is
referred as small Transformer (ST).

The training configuration is as follows: batch
size=8; eval batch size=8; learning rate=1e-5;
epochs=20; save total limit=2; max sequence
length=256; weight decay=applied. We quan-
tized the MT models using CTranslate2'? for fast
inference. The conversion was performed using
the ct2-transformers-converter utility, which trans-
forms MarianMT models into a runtime optimised
format compatible with CTranslate2. The quanti-
zation float16 flag was applied to reduce numerical
precision from FP32 to FP16 (Rajbhandari et al.,
2020).This conversion significantly reduces mem-
ory usage while improving inference speed. The
best-performing quantized teacher model was then
used to generate distilled data for training the stu-
dent model.

We fine-tuned both BT and ST models on the
training data (cf. Section 4.1) before initiating the
distillation process. We then followed a standard
student-teacher training setup in order to build our

®https://opus.nlpl.eu/datasets/
ELRC-2720-EMEA?pair=fr&ens$0
"https://opus.nlpl.eu/datasets/EMEA?pair=
fr&ens$o
$https://huggingface.co/Helsinki-NLP/
opus-mt-tc-big-fr-en
*https://huggingface.co/Helsinki-NLP/
opus—mt—fr—-en
0CTranslate2:https://opennmt .net /CTranslate2

baseline student model, where the English trans-
lations generated by the best-performing teacher
model were used as pseudo target labels for the
distilled training data.

For reporting the results we used standard
MT evaluation metrics:  SacreBLEU (Post,
2018), chrF++ (Popovi¢, 2015), COMET,
BERTScore (Zhang et al, 2020) and
BLEURT (Sellam et al., 2020). The inherent
biases and variability across MT evaluation
metrics are well-documented phenomena in the
literature (Fomicheva and Specia, 2019; Freitag
et al., 2024). Beyond standard MT evaluation
metrics, we also report the average performance
across all metrics to provide a composite score
(Mean) for the systems. The composite score
(Mean) is calculated as the arithmetic mean of the
above MT evaluation metrics, as in (2):

_ Sp+Cp+Cy+ Bp+ Br+ Br1+ BL
o 7

where Sp is SacreBLEU, Cp is chrF++, C); is
COMET, B represents BERTScore variants, and
By, is BLEURT.

The performance of the teacher model on the
test set is reported in the first row of Table 2.
This row corresponds to the MarianMT BT model
that was obtained after fine-tuning on the domain-
specific data. We also evaluated the quantized
version of this model, with the corresponding re-
sults shown in the second row of Table 2. We
can see from the table that the quantized model
outperformed the MarianMT BT system across all
evaluation metrics. We conjecture that higher per-
formance in the quantized teacher can stem from
CTranslate2 optimisation and quantization’s reg-
ularization effects in technical domains (Moslem,
2025; Zafar et al., 2025a). The quantized Mari-
anMT BT model was used to generate the distilled
data for training the student model. As pointed
out above, for KD, we adopted the MarianMT ST
model (Junczys-Dowmunt et al., 2018) as the base-
line. The third row of Table 2 reports the perfor-
mance of our student model. This row refers to

Mean

@3



the MarianMT ST model that was first fine-tuned
on the original training data, and then on further
trained exclusively on the distilled data. When we
compare the performance of the teacher and stu-
dent models, we can clearly see that the perfor-
mance of the student model is close to that of the
teacher.

4.3 Ablation Study

We conducted our experiments using non-
parametric memory (i.e. DistilledMemory)
constructed from three different sources of
distilled corpora (translated by the teacher model):

* DistilledMemory760K: This dataset was gen-
erated by translating the French source sen-
tences from the original training data, com-
prising 759,861 sentences. Note this data was
also used to train the student model.

* DistilledMemory153K: This dataset was cre-
ated by translating external monolingual
French sentences into English, totaling
153,056 sentences (see Table 1). This data
was not used during student model training.

* DistilledMemory760+153K: This dataset is
a combination of the two distilled corpora
mentioned above: DistilledMemory760K and
DistilledMemory153K.

These configurations allowed us to assess how
different types of non-parametric memory impact
the performance of the student models. Follow-
ing Zhang et al. (2023), we evaluated the student
models by varying the numbers of retrieved neigh-
bours (i.e., k =3,5,7,9, 12, 15, 19, 23, 27, 31).
As discussed in Section 3, ParallelMemory is con-
structed from the original training data (see Table
1). For all our experiments we utilised a single re-
trieved training sample (n = 1) from ParallelMem-
ory as a starting point. Unlike the DistilledMem-
ory, which contains synthetic teacher outputs, the
ParallelMemory consists of gold-standard human
translations. Restricting ParallelMemory ton = 1
prevents the compact student model from overfit-
ting to specific neighbour patterns during the in-
tense 10-step test-time update, thereby ensuring
better domain generalisation. Exploring the impact
of varying n is reserved for future work.

4.3.1 DistilledMemory760K

The performance of the student models while
using DistilledMemory760K is reported in Table

3. Performance generally followed an upward
trend with larger £ values. The model achieved
a chrF++ score of 81.99 at k = 3, eventually peak-
ing at 83.16 when £ = 31. COMET scores fol-
lowed a similar trajectory, reaching a maximum
of 90.49 at k = 31 The overall results indicate
that the student model achieved a maximum Mean
score of 78.84 when the number of retrieved neigh-
bours (k) was set to 31.

4.3.2 DistilledMemory760K+153K

The performance of the student models while
using DistilledMemory760K+153K is reported in
Table 4. This configuration utilised a combined
non-parametric memory source, concatenating the
original training data translations with those from
an external monolingual corpus. The experimental
results show that performance peaked at k = 19
with a mean score of 78.44. This configuration
provided its peak chrF++ score of 83.40 at k = 19.
The COMET metric peaked slightly earlier at k£ =
15 with a score of 90.17. The best average perfor-
mance (Mean: 78.44) was observed at £ = 19.

4.3.3 DistilledMemory153K

The performance of the student models while
using DistilledMemory153K is reported in Table
5. Note that this dataset was created by trans-
lating 153,056 external monolingual French sen-
tences that were not used during the initial training
of the student model.

Using standard semantic retrieval, the student
model showed consistent gains as k increased,
achieving a peak chrF++ of 84.09 at £ = 31 and a
peak COMET of 90.50 at £ = 12. The maximum
mean score was 79.34 at k = 31. The highest per-
formance for this setup was observed at k = 31
with a mean score of 79.34.

Additionally, the performance of the student
models while using DistilledMemory 153K, where
candidate segments were selected based on a
terminology-aware composite metric is reported
in Table 6. We see from the table that the per-
formance improved significantly. This strategy
yielded the highest scores, with a peak chrF++ of
84.80 and a COMET score of 90.45 at £ = 15.
This terminology-based extraction strategy outper-
formed all other experimental setups, reaching its
highest average score of 80.07 at £ = 15.

The experimental results show that incorpo-
rating non-parametric memory through retrieval-
augmented distillation consistently improves the



Table 3: Performance of the student models on the biomedical test set while using DistilledMemory760K. Statistical signifi-
cance is indicated by *, denoting student models that outperform the quantized teacher model with p < 0.05 based on bootstrap

resampling of SacreBLEU scores.

k SacreBLEU chrF++ COMET BERTScore BLEURT Mean
P R F1
3 69.13 81.99 89.94 82.38 8122 81.76 56.44 77.55
5 69.37 82.27 89.73 82.25 80.69 81.43 55.45 77.31
7 69.99 82.81 90.20 83.54 81.14  82.30 54.86 77.83
9 69.81 82.25 89.84 82.52 80.70  81.56 56.16 77.54
12 70.76* 82.92 89.99 82.86 81.44  82.10 56.80 78.12
15 71.63* 83.31 90.10 83.40 81.43 82.38 56.61 78.40
19 70.69* 82.99 90.10 82.65 80.98 81.78 55.80 77.85
23 71.22% 82.88 90.20 83.10 81.65 82.32 56.16 78.21
27 70.86 82.72 89.98 83.20 81.76  82.42 55.78 78.10
31 71.36 83.16 90.49 84.17 82.18 83.13* 57.40 78.84

Table 4: Performance of student models on the biomedical test set while using DistilledMemory760K+153K. Statistical sig-
nificance is indicated by *, denoting student models that outperform the quantized teacher model with p < 0.05 based on

bootstrap resampling of SacreBLEU scores.

k SacreBLEU chrF++ COMET BERTScore BLEURT Mean
P R F1
3 68.90 82.21 89.40 8198 80.40 81.14 53.77 76.82
5 69.73 82.56 89.94 82.94 80.65 81.76 54.95 77.50
7 68.83 82.12 89.69 82.39 79.85 81.08 53.58 76.79
9 69.91 82.56 89.81 82.49 8031 81.35 54.96 77.34
12 70.13 82.65 89.92 82.18 80.52 81.31 54.06 77.25
15 70.89 82.90 90.17 83.36 81.52 82.39 55.60 78.11
19 71.15 83.40 90.15 83.13 8145 82.25 57.60 78.44
23 71.28% 83.10 90.09 82.99 81.57 8223 56.60 78.26
27 70.84%* 83.10 90.01 83.04 81.21 82.08 55.96 78.03
31 71.12% 83.20 90.11 83.01 81.17 82.04 55.80 78.06

student model’s performance across all config-
urations. While utilising original training data
(DistilledMemory760K) and external monolingual
data (DistilledMemory153K) both yielded im-
provements, the external dataset provided a higher
peak mean score of 79.34. Most notably, the in-
tegration of a terminology-aware retrieval strategy
significantly outperformed standard semantic re-
trieval, achieving the highest overall results with
a peak chrF++ of 84.80 and a COMET score of
90.45. This strategy also reached the highest com-
posite mean score of 80.07 at a relatively small
neighbourhood size of £k = 15, highlighting that
prioritising domain-specific terminology is crucial
for a narrow domain (biomedical) translation task.

When we compare the results presented in Ta-
bles 3-6, we see that DistilledMemory153K is
more effective than DistilledMemory760K. The
external monolingual dataset provided a higher
peak mean score of 79.34 compared to 78.84.
We conjecture that incorporating diverse, domain-
specific external knowledge can help improve a
student model’s translation quality more than sim-

ply relying on its original training data.

4.3.4 Impact of Retrieval Scale (k)

Figure 2 illustrates the performance trajecto-
ries of the student models as a function of neigh-
bourhood size (k) across six distinct plots. Each
plot corresponds to a specific evaluation metric —
SacreBLEU, chrF++, COMET, BERTScore (F1),
and BLEURT - alongside a final plot represent-
ing the composite mean of all scores to provide
a holistic assessment of the translation quality.
The analysis of these curves reveals several key
trends: (i) sensitivity to k: for standard seman-
tic retrieval configurations, such as DistilledMem-
ory760K and DistilledMemory153K, performance
generally follows an upward trend as the number
of retrieved neighbours increases, often peaking at
the maximum tested value of k = 31, (ii) optimal
retrieval range: the terminology-aware retrieval
strategy reaches its peak performance at a much
smaller retrieval scale. As shown in the plots, this
method achieves its highest scores across nearly
all metrics including a peak chrF++ of 84.80 and



Table 5: Performance of the student models on the biomedical test set while using DistilledMemory153K. Statistical signifi-
cance is indicated by *, denoting student models that outperform the quantized teacher model with p < 0.05 based on bootstrap

resampling of SacreBLEU scores.

k SacreBLEU chrF++ COMET BERTScore BLEURT Mean
P R F1
3 71.87 83.67 90.08 83.07 8228 82.63 58.87 78.92
5 72.38% 83.94 90.28 83.11 82.61 82.82 59.22 79.19
7 72.35% 83.92 90.35 83.17 8234 8271 58.88 79.10
9 72.09* 83.73 90.20 83.12 82.37 82.70 57.30 78.78
12 72.01* 83.82 90.50 83.33 8241 8282 58.21 79.01
15 71.82%* 83.83 90.44 8290 8249 82.66 59.58 79.10
19 71.81* 83.85 90.43 83.18 8247 82.79 58.69 79.03
23 71.90%* 83.72 90.35 82.89 82.18 82.49 58.43 78.85
27 72.37* 83.98 90.35 83.41 82.68 83.00 58.06 79.12
31 72.47% 84.09 90.43 83.71 83.00 83.31 58.43 79.34

Table 6: Performance of the student models on the biomedical test set while using DistilledMemory153K. The retrieved
segments were selected based on the terminology overlap-based composite metric. Statistical significance is indicated by
*, denoting student models that outperform the quantized teacher model with p < 0.05 based on bootstrap resampling of

SacreBLEU scores.
Ext-k  SacreBLEU chrF++ COMET BERTScore BLEURT Mean
P R F1
3 72.93* 84.23 89.87 83.36 81.76  82.52 58.12 78.97
5 73.10* 84.45 90.09 83.47 8229 82.84 59.12 79.34
7 73.39* 84.66 90.24 83.61 82.59  83.06 59.81 79.62
9 73.03* 84.49 90.10 83.32 8219 8272 59.46 79.33
12 72.95* 84.66 90.35 83.96 82.75 83.32 60.28 79.75
15 73.24% 84.80 90.45 84.13 83.12* 83.59 61.15 80.07
19 73.09* 84.69 90.34 83.67 82.72 83.16 60.38 79.72
23 73.13* 84.57 90.20 83.62 82.63 83.09 60.02 79.61
27 72.82% 84.47 90.21 83.47 82.61 83.00 59.38 79.42
31 72.87* 84.45 90.31 83.59 82.61 83.06 60.18 79.58

COMET of 90.45 at k = 15, (iii) diminishing re-
turns: increasing k beyond the 12—19 range for the
terminology-aware setup does not yield prominent
improvements and, in some instances, results in a
slight degradation of performance, and (iv) met-
ric consistency: the composite Mean plot confirms
that while individual metrics may peak at slightly
different points (e.g., COMET peaking at k = 12
for standard retrieval with DistilledMemory153K),
a neighbourhood size between 12 and 17 serves
as an effective “sweet spot” for balancing retrieval
depth with translation accuracy in terminology-
heavy domains.

In order to assess the statistical significance of
the SacreBLEU gains over the best-performing
(quantized) teacher model, we employed boot-
strap resampling (Koehn, 2004) via the standard
compare-mt'! evaluation toolkit. The analysis
confirmed that the performance gains achieved by
all student models incorporating terminology were

" Compare-MT:https://github.com/neulab/
compare-mt/tree/master

statistically significant.

5 Conclusion

In this work, we addressed the inherent limita-
tions of standard KD in domain-specific NMT
by proposing a terminology-aware retrieval-
augmented KD framework. Our approach inte-
grates terminology-driven non-parametric mem-
ory alongside the model’s parametric weights, fur-
ther refined by test-time adaption. Our exper-
imental results on French-to-English biomedical
translation demonstrate that this framework effec-
tively bridges the domain gap for compact student
models. Key findings include (a) the proposed
terminology-driven retrieval consistently outper-
formed standard semantic-only methods, achiev-
ing a peak average score of 80.07 at £ = 15.
This represents a 3.24 point absolute gain (corre-
sponding to a 4.22% increase) over the distilled
student baseline, (b) we identified that integrating
terminology-aware external memory with a neigh-
bourhood size (k) between 12 and 19 yields the
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Figure 2: Effect of neighbourhood size (k) on translation quality across SacreBLEU, chrF++, COMET, BERTScore (F1),

BLEURT, and their composite Mean.

most effective performance, and (c) by provid-
ing the student model with critical domain-specific
context through an external knowledge base, we
complemented the teacher’s supervision and al-
lowed the student to achieve performance compa-
rable to or better than the teacher model.

In future work, we intend to evaluate the robust-
ness of our approach by benchmarking it against a
diverse suite of state-of-the-art open-weight mod-
els, including Llama 4 (Meta, 2025) and Qwen 3.5
(Yang et al., 2026). We aim to scale our experi-
ments across a broader array of linguistic pairs and
domain-specific corpora. Furthermore, we will in-
vestigate the efficacy of multi-teacher supervision

by utilising a heterogeneous ensemble of LLMs
to provide higher-order rationales for the student
model. By using a Small Transformer student in-
stead of a Big Transformer, we significantly re-
duce base inference latency. Although our test-
time adaptation is streamlined using only 10 gra-
dient steps on a minimal exemplar set (k < 31),
we further aim to evaluate this approach through a
detailed analysis of latency versus translation qual-

ity.
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