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Abstract

We describe the AMI team’s submission to the
WMT 2026 General Translation shared task,
participating in the English→Icelandic transla-
tion direction. Building on our 2025 submis-
sion, which relied on a 3B-parameter model
and substantial rule-based post-processing, this
year we aim to reduce that dependency and rely
more on the translation model itself. We con-
tinually pre-train a Qwen3-4B checkpoint on a
mixture of Icelandic, English, code, math, and
structured data, then fine-tune it with LoRA
on a retrieval-augmented, domain-conditioned
instruction-tuning dataset covering five do-
mains. At both training and inference time,
source sentences are enriched with dictionary
entries and back-translated example transla-
tions similar to the sentence being translated,
retrieved by a dedicated RAG server, and
served through a self-healing inference client
that retries and validates generations. We re-
port COMET and chrF++ scores comparing
this system against last year’s submission, a
larger Llama-3.1-8B model adapted with the
same recipe, and an instruction-tuned Qwen3-
4B baseline, alongside ablations that isolate
the contribution of each part of the retrieval-
augmented prompt.

1 Introduction

Machine translation into Icelandic, a morpholog-
ically rich language with roughly 350,000 native
speakers, remains a low-resource setting even as
general-purpose large language models (LLMs)
have become competitive translators for high-
resource pairs. The AMI team’s 2025 WMT sub-
mission (Jasonarson and Steingrimsson, 2025) ad-
dressed this with a 3B-parameter fine-tuned model
paired with substantial rule-based post-processing
to correct systematic model errors after generation.
For this year’s version (Kocmi et al., 2026), we
continue experimenting with smaller models and
investigate how far a smaller model can be pushed

by moving correction earlier in the pipeline: rather
than post-editing a finished translation, we aug-
ment the model’s input with retrieved dictionary
entries and similar example translations at both
fine-tuning and inference time, and replace heavy
post-hoc correction with a lightweight, on-the-fly
validate-and-retry loop during decoding (Section 5).
We refer to this combination—retrieving bilingual
dictionary entries for terms appearing in the source
and retrieving similar sentence pairs from a refer-
ence corpus, and injecting both into the translation
prompt—as dictionary retrieval-augmented gener-
ation (DRAG), following the terminology of Zheng
et al. (2024).

Concretely, we continually pre-train a Qwen3-
4B (Qwen Team, 2025) checkpoint on a mixture
of Icelandic, English, code, math, and structured-
data text (Section 3.1), then fine-tune it with LoRA
(Hu et al., 2022) on a retrieval-augmented, domain-
conditioned instruction dataset spanning five do-
mains (Section 3.2). We use LoRA rather than full
fine-tuning as we are aiming for an approach that
demands the least compute.

At both training and inference time, source sen-
tences are enriched with entries from three bilin-
gual dictionaries and with similar sentence pairs
retrieved from a large back-translated reference
corpus. The resulting adapter is served behind an
OpenAI-compatible endpoint and queried through
a client that validates each generation against a
small set of rules and resamples on failure (Sec-
tion 5).

We evaluate this system against our 2025 submis-
sion, an 8B-parameter Llama model adapted with
the same recipe, and an instruction-tuned Qwen3-
4B baseline that received no Icelandic-specific
adaptation, alongside a set of ablations isolating
the contribution of each component of the retrieval-
augmented prompt (Section 6). We release the
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fine-tuning dataset1, retrieval pipeline2, and model
weights3 publicly.

2 Related Work

Adapting a multilingual base model to a target lan-
guage via continued pre-training (CPT), rather than
training from scratch, is now a common recipe for
extending LLM coverage to lower-resource lan-
guages, see e.g. Joshi et al. (2025). When prompted
with few-shot in-context examples, LLMs have
been shown to be competitive translators (Gar-
cia et al., 2023) without any translation-specific
fine-tuning at all. Our system instead combines
lightweight fine-tuning with retrieval-augmented
prompting, aiming to get the benefit of both.

Low- and medium-resource languages often lack
sufficient data to pre-train broadly capable models
from scratch and are frequently underrepresented
in multilingual pre-training corpora, resulting in
weaker performance than for high-resource lan-
guages. A promising alternative is to adapt an
existing model to the target language through CPT,
which has yielded substantial improvements for
languages such as Basque (Corral et al., 2025) and
Estonian (Dorkin et al., 2026). However, training
predominantly on target-language text risks catas-
trophic forgetting of capabilities inherited from the
base model, degrading performance in other lan-
guages and domains (Zhao et al., 2024; Elhady
et al., 2025). Replaying English data during CPT
mitigates this degradation (Elhady et al., 2025), and
recent language-adaptation efforts accordingly mix
target-language text with English (Fujii et al., 2024;
Joshi et al., 2025) and, sometimes, with data such
as code and mathematics (Dorkin et al., 2026).

Selecting good in-context examples for few-shot
prompting has been shown to materially affect
LLM translation quality (Agrawal et al., 2023), and
retrieval over a reference corpus of similar transla-
tions is one way to construct such examples auto-
matically (Lee et al., 2025). We adopt this idea for
both fine-tuning and inference (see Section 3.2.3),
retrieving over a corpus built with back-translation.

Dictionary-augmented prompting has already
shown some promise when it comes to English–

1https://github.com/stofnun-arna-magnussonar/
WMT2026_finetuning_dataset

2https://github.com/stofnun-arna-magnussonar/
WMT2026

3https://huggingface.co/arnastofnun/
Qwen3-4B-wmt26-AMI-en-is and https://huggingface.
co/arnastofnun/Llama-3.1-8B-wmt26-AMI-en-is

Icelandic translation. Ingólfsdóttir et al. (2025) de-
scribe Erlendur, a multi-stage pipeline that uses a
preparatory LLM pass to extract key terms from the
source text, looks these up in the Ensk.is dictionary
(see Section 3.2.2) and in user-supplied glossaries
using inflection-aware fuzzy n-gram matching, and
injects the results into an LLM translation prompt.

An alternative to injecting retrieved context di-
rectly into the prompt is to expose the dictionary
and example retrieval as tools the model can call at
its own discretion, e.g. via Model Context Protocol
(MCP).4 We considered this approach but decided
on using prompt injection for our submitted system:
it guarantees that relevant context is present in ev-
ery prompt regardless of whether the model would
have initiated a lookup, at the cost of always paying
the retrieval latency and prompt-length overhead
even when a given sentence needed no help.

Icelandic has been a target language in the WMT
General Translation shared task in recent years
(Kocmi et al., 2024, 2025). We compare directly
against our own 2025 submission (Jasonarson and
Steingrimsson, 2025) in Section 6.

3 Data and Augmentation Data

For pre-training and fine-tuning we use a wide array
of available datasets. In Sections 3.1 and 3.2 we
give an overview of these datasets and how they
were used.

3.1 Pre-training Data

Our CPT corpus contained approximately 7.39B
tokens, comprising Icelandic (63.0%), English text
(27.0%), Python code (4.0%), math (3.5%), and
structured data (2.5%). The Icelandic subset con-
sisted of 4.65B tokens from a filtered and dedupli-
cated version (Daðason and Steingrímsson, 2026)
of the Icelandic Gigaword Corpus (IGC) (Stein-
grímsson et al., 2018; Barkarson et al., 2022).
For English-language text, we sampled 1.79B to-
kens from a deduplicated version of FineWeb-Edu
(Penedo et al., 2024) and 199M tokens from Cos-
mopedia v2 (Ben Allal et al., 2024). We sampled
295M tokens from the Python subset of the Star-
Coder dataset (Li et al., 2023), and 259M tokens
of mathematical content from FineMath-4plus (Al-
lal et al., 2025). Finally, we extracted 185M to-
kens from English-language articles in Structured
Wikipedia (Wikimedia Enterprise and Wikimedia
Foundation, 2026), with articles in plain text with

4https://modelcontextprotocol.io/specification

https://github.com/stofnun-arna-magnussonar/WMT2026_finetuning_dataset
https://github.com/stofnun-arna-magnussonar/WMT2026_finetuning_dataset
https://github.com/stofnun-arna-magnussonar/WMT2026
https://github.com/stofnun-arna-magnussonar/WMT2026
https://huggingface.co/arnastofnun/Qwen3-4B-wmt26-AMI-en-is
https://huggingface.co/arnastofnun/Qwen3-4B-wmt26-AMI-en-is
https://huggingface.co/arnastofnun/Llama-3.1-8B-wmt26-AMI-en-is
https://huggingface.co/arnastofnun/Llama-3.1-8B-wmt26-AMI-en-is
https://modelcontextprotocol.io/specification
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JSON-formatted tables. All token counts were mea-
sured using the Qwen3 tokenizer.

3.2 Fine-tuning Data
To adapt our continually pre-trained model for the
translation task and teach it to effectively utilize
injected context, we construct a multifaceted fine-
tuning dataset. Because our system uses retrieval-
augmented generation (RAG) at inference time,
the fine-tuning data must teach the model how to
adhere to domain-specific instructions, apply re-
trieved dictionary constraints, and mimic structural
few-shot examples. To achieve this, our dataset
relies on three distinct components: a core set of
domain-annotated parallel sentences, a comprehen-
sive collection of bilingual dictionary entries, and
a large-scale back-translated reference corpus. We
detail each of these resources below.

3.2.1 Training examples
Training examples for the news domain are drawn
from the official WMT 2024 English–Icelandic
test set, split into paragraph-level segments; gen-
eral, software, and speech domains were syn-
thetically generated with Gemini 3.1 Pro from
seed prompts (Appendix B); social examples are
Gemini-generated from seed prompts drawn from
WMT 2025 general translation task test data
(Kocmi et al., 2025). In total we used 4,996 ex-
amples across the five domains (1,000 general, 996
news, 1,000 social, 1,000 software, 1,000 speech),
but although the number of examples is almost the
same for all domains, note that the length of the
examples differs somewhat, as seen in Table 1. The
fine-tuning dataset is available on GitHub.5

Domain # Ex. Source Avg. Words

General 1,000 Gemini 3.1 Pro 20.9
News 996 WMT24 test set 32.5
Social 1,000 Gemini 3.1 Pro 23.8
Software 1,000 Gemini 3.1 Pro 49.9
Speech 1,000 Gemini 3.1 Pro 32.5

Total 4,996 –

Table 1: Fine-tuning data by domain.

3.2.2 Dictionary lookups
We assembled three English–Icelandic dictio-
nary resources: Ensk.is, an open-source English–
Icelandic dictionary (40,547 headword entries)

5https://github.com/stofnun-arna-magnussonar/
WMT26_AMI

(Zoëga and Þórðarson, 2026); a general-purpose
glossary generated semi-automatically and then
manually error-checked (94,061 entries) (Stein-
grímsson et al., 2022; Steingrímsson et al., 2021),
and Tölvuorðasafnið, a computing terminology
lexicon containing 7,171 entries (Guðmundsdóttir
et al., 2026). Together, these give 141,779 dictio-
nary entries available for lookup at both fine-tuning
and inference time. The retrieval and scoring mech-
anism that selects which entries are injected into a
given prompt is described in Section 4.2.2.

3.2.3 Back-translated few-shot examples
To provide naturalistic few-shot translation exam-
ples beyond what our fine-tuning data covers, we
used a 6-bit quantized version of TranslateGemma
27B6 (Finkelstein et al., 2026) to build a large ref-
erence corpus by back-translating (Sennrich et al.,
2016) monolingual Icelandic text from the Ice-
landic Gigaword Corpus (IGC). We generated an
English translation for a large sample of sentences,
yielding synthetic English–Icelandic pairs in which
the Icelandic side is authentic, naturally occurring
text and the English side is machine-generated. We
filtered candidate pairs on perplexity calculated by
a KenLM (Heafield, 2011) model trained on the
2024 version of the IGC (Steingrímsson, 2026) and
automatic language identification using a custom
langdetect7 profile for Icelandic8 to remove poor
translations and off-language content, retaining ap-
proximately 106.5 million sentence pairs (Stein-
grímsson and Hafsteinsson, 2026a,b). This corpus
is queried at both fine-tuning and inference time
to retrieve similar example translations for a given
source sentence, via the FTS5 and MinHash/LSH
indices described in Section 4.2.1.

4 Building the System

Our submitted translation system is a lightweight,
retrieval-augmented pipeline centered around a 4B-
parameter language model. Building the system
involved a two-stage training process coupled with
the development of a dedicated context-retrieval
engine. First, we adapted the base model to the
Icelandic language via efficient, small-batch contin-
ued pre-training. Second, we fine-tuned the model
using Low-Rank Adaptation (LoRA) to teach it

6https://huggingface.co/mradermacher/
translategemma-27b-it-i1-GGUF:Q6_K

7https://pypi.org/project/langdetect/
8https://github.com/steinst/langdetect_

profiles

https://github.com/stofnun-arna-magnussonar/WMT26_AMI
https://github.com/stofnun-arna-magnussonar/WMT26_AMI
https://huggingface.co/mradermacher/translategemma-27b-it-i1-GGUF:Q6_K
https://huggingface.co/mradermacher/translategemma-27b-it-i1-GGUF:Q6_K
https://pypi.org/project/langdetect/
https://github.com/steinst/langdetect_profiles
https://github.com/steinst/langdetect_profiles
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how to follow domain-specific instructions and
leverage dynamically injected context. To sup-
ply this context, we built a standalone Retrieval-
Augmented Generation (RAG) server that scores
and retrieves relevant bilingual dictionary entries
and back-translated few-shot examples on the fly.
The following subsections detail the pre-training
and fine-tuning procedures, the architecture of
the RAG server, and the mechanisms used to fil-
ter, score, and assemble the final context-enriched
prompts.

4.1 Pre-training

We adapted the Qwen3-4B base model9 (Qwen
Team, 2025) to Icelandic through continued pre-
training. We followed the small-batch training ap-
proach of Marek et al. (2025), who found that,
when Adam’s second-moment decay is scaled
to maintain a fixed token half-life, small-batch
training is stable, more robust to hyperparameter
choices, and achieves equal or better per-FLOP
performance than larger-batch training. We used
a sequence length of 8,192 and a batch size of 1,
and set AdamW’s second-moment decay rate to
β2 = 0.9994323, corresponding to a token half-
life of 10M tokens. We used a WSD learning rate
schedule, with a linear warmup over the first 2,000
steps to a peak learning rate of 3e-5, and a linear
decay over the final 10% of steps. We trained on
a single NVIDIA RTX PRO 6000 Blackwell GPU
for 24 hours and for the downstream experiments,
we used the checkpoint saved after 75,000 steps,
corresponding to 614M training tokens. Training
up to this checkpoint took approximately 23 hours.

4.2 Fine-tuning

We fine-tuned the continually pre-trained check-
point described above using low-rank adaptation
(LoRA) (Hu et al., 2022) as implemented in Un-
sloth10 (Daniel Han and team, 2023). We used
LoRA rank r = 16, α = 16, dropout 0, no bias
term, applied to all attention and MLP projec-
tion matrices (q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, down_proj). We trained for
3 epochs with a per-device batch size of 2 and 4
gradient accumulation steps (effective batch size 8),
a peak learning rate of 2e-4 with a linear schedule
and 10 warmup steps, the 8-bit AdamW optimizer,
weight decay 0.01, and bf16 mixed precision.

9https://hf.co/Qwen/Qwen3-4B-Base
10https://github.com/unslothai/unsloth

Each training example pairs a domain-specific
system prompt (social, speech, news, software, or
general) with a user turn containing retrieved dic-
tionary entries and example translations for the
source sentence (retrieval and prompt construc-
tion detailed in Section 4.2.3), and an assistant
turn containing the reference Icelandic translation.
Examples were rendered through Qwen3’s native
ChatML-style chat template, with loss computed
over the assistant turn only (see Appendix A). We
trained on the 4,996 examples described in Sec-
tion 3.2, with dictionary lookups added to the
prompt as well as translations of similar sentences.

4.2.1 Back-translation RAG server
Prompt construction is handled by a single persis-
tent FastAPI service (Ramírez, 2026) that keeps
three bilingual dictionaries, a sentence-retrieval in-
dex, and a cross-encoder reranker resident in mem-
ory, run as a standalone Uvicorn (Trylesinski and
Christie, 2026) process and queried over HTTP by
both the dataset-building and inference clients. It
performs one warm-up retrieval query on startup,
then exposes a context endpoint returning a ranked,
capped dictionary block and example block as sep-
arate fields (the caller assembles the final prompt,
Section 4.2.3); an alternative single-call endpoint
that returns one pre-assembled prompt exists but is
unused by either pipeline.

The example block draws on the large back-
translated Icelandic reference corpus (see Sec-
tion 3.2.3) via two indices: an SQLite FTS5 full-
text index over (source, target) pairs, queried by
n-gram phrase matching; and a MinHash locality-
sensitive-hashing (LSH) index (Broder, 1997) for
approximate nearest-neighbor retrieval. Each
record’s English side is shingled into bigrams,
hashed into a 64-permutation MinHash signature,
split into 16 bands of 4 rows for bucketing, and
candidates are rescored by exact Jaccard similarity;
matched records are fetched by direct byte-offset
seek via a precomputed offset map.

4.2.2 Dictionary lookup mechanism
The three static English–Icelandic resources de-
scribed in Section 3.2.2 are loaded at startup:
a general English–Icelandic dictionary, a semi-
automatically generated, manually-checked glos-
sary, and an EN-IS computing terminology lexicon,
each a flat mapping from English word/phrase to
Icelandic candidate(s). Multi-word entries are in-
dexed by token sequence so the longest matching

https://hf.co/Qwen/Qwen3-4B-Base
https://github.com/unslothai/unsloth
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phrase in a source sentence is preferred over its
component words. Single tokens are looked up
directly, on failure, under WordNet-derived lemma
candidates (noun/verb/adjective/adverb) (Miller,
1995) via NLTK (Bird and Loper, 2004), so in-
flected forms resolve to their dictionary headword;
English stopwords are skipped.

4.2.3 Prompt Construction
The source text is first segmented into sentences
(HTML markup and JSON-array-of-strings inputs
are normalized into plain segments), which drives
both dictionary lookup and per-sentence example
retrieval.

Dictionary block. For long sentences a very long
list of dictionary entries can be found, some of them
for common words that the LLM should translate
correctly without the help of lookups. In order to
reduce long lists of entries to something more man-
ageable, we built an algorithm to find words that are
more likely to be rare. To do this, hits are scored.
Token rarity weight is max(0.1, 7.0−zipf(token))
(Speer, 2022). General-dictionary single-token hits
are only considered if the token’s Zipf frequency
is ≤ 4.5 (the computing lexicon is exempt from
this gate). Score is (in-sentence token frequency)
× rarity for single tokens, or (rarest component
word’s rarity) +1.5 for phrase matches; computing-
lexicon hits add a further +2.0. The top 15 scoring
entries survive (words and phrases share this cap);
the block is omitted if none are found.

Example block. Per sentence, up to 15 LSH
neighbors are retrieved and filtered to pairs with
≥ 5 words on both sides, keeping the top 5; up to 5
FTS5 matches are found by querying n-grams from
7-grams down to 4-grams (falling back to single
non-stopword tokens), pooled to 50 candidates be-
fore random subsampling to 5. All candidates are
scored against their sentence with a cross-encoder11

(Reimers and Gurevych, 2019) and merged into
one pool across the whole input, keeping the best
score per unique pair. The pool is filtered to score
≥ −11.0; if fewer than 2 candidates survive, no
examples are emitted. Otherwise a top band of
6–24 candidates (size drawn uniformly at random)
is formed, and 2–8 examples (likewise randomly
drawn, capped by band size) are sampled without
replacement and shown best-score-first, so the in-
jected example count varies per prompt. This was

11https://hf.co/cross-encoder/
ms-marco-MiniLM-L6-v2

done so that when fine-tuning, the model learns to
translate regardless of the number of few-shot ex-
amples, as in some cases they may be none, while
in others very many sentence pairs can be found.

Assembly. The dictionary block (if any) and ex-
ample block (if any) are each wrapped in a fixed
instruction and concatenated with a final translation
instruction containing the raw source sentence; a
missing block is omitted, not left empty. The fine-
tuning and translation prompt and chat template
are given in Appendix A. The fine-tuning dataset
is available in our GitHub repo.

5 Inference

At inference time, source sentences are passed
through the identical retrieval and prompt-
construction pipeline used to build the fine-tuning
data, and the fine-tuned adapter is served behind an
OpenAI-compatible endpoint.

5.1 Rule-based re-translation
Generations are checked against a fixed set of
validation rules before being accepted. A trans-
lation is rejected if it: leaks the dictionary- or
example-block instruction text verbatim; contains
an English-prompt hallucination (e.g. an echoed
“English:” label); is empty; repeats the same 5-
word sequence five or more times; introduces more
paragraph breaks than the source; or, on segments
of at least 15 words, has a translation-to-source
word-count ratio below 0.70 or above 1.50, or
copies more than 50% of its content words directly
from the source. Length-ratio and source-copy
checks are skipped on shorter segments, where they
are not statistically meaningful.

A rejected or truncated (max-token-limited) gen-
eration is resampled: the first 11 retries linearly
increase temperature from 0.25 to 0.75; if that fails
to produce a passing output, five further retries
hold temperature at 0.27 and instead sweep the
sampling parameters (topp, topk, minp) from a
tight to a wide cutoff, on the assumption that a low-
temperature failure is a distribution-shape problem
rather than one that needs more randomness. The
16th and final attempt is accepted unconditionally
regardless of validation outcome, so every input is
guaranteed an output.

6 Results

In order to evaluate our system, we split the test
set from the WMT 2025 general translation task

https://hf.co/cross-encoder/ms-marco-MiniLM-L6-v2
https://hf.co/cross-encoder/ms-marco-MiniLM-L6-v2
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Dictionaries Few-shot n COMET chrF++

✓ ✓ 332 0.7792a 45.88a

✓ × 332 0.7772a 45.90a

× ✓ 332 0.7695b 45.19b

× × 332 0.7697b 45.19b

Table 2: COMET and chrF++ scores by ablation (dic-
tionary/examples present or not; all domains pooled,
n = 332). Scores sharing a superscript letter for a given
metric are not significantly different from each other
on that metric (paired bootstrap resampling, nsamples =
1000, seed=12345); different letters indicate p < 0.05.

(Kocmi et al., 2025) into paragraphs, translated
these with our system using different prompting
approaches and calculated COMET12 (Rei et al.,
2022) and chrF++13 scores (Popović, 2017).

We started by doing an ablation study, where
we prepared the prompt in four different ways: in-
cluding the dictionary lookups, including few-shot
examples, including both or neither. As shown in
Table 2 we get the best results if we include the
dictionary lookups, but there is not a statistically
significant difference if we add the few-shot exam-
ples.

We decide to stick with using both few-shot
examples and the dictionaries for translating our
WMT 2026 submission. While the automatic scor-
ing shows a clear positive advantage in using the
dictionaries, it doesn’t indicate a statistically sig-
nificant difference when using the few-shot exam-
ples. We decide to use the few-shots examples
anyway, as such examples have been shown to in-
crease LLM translation quality, see e.g. Agrawal
et al. (2023), and the manual evaluation might be
more sensitive to finer nuances. On the other hand,
if a large back-translated corpus does not exist, our
results would not justify one being built for this
purpose only.

While our submitted model this year is of simi-
lar size to the one submitted last year, the transla-
tion pipeline is somewhat easier to run. The post-
processing part was quite cumbersome last year,
making the system complicated to set up and run
in practice. But do we lose quality by skipping
the post-processing? In Table 3 we compare our
system to our previous submission, as well as a few
other available models, and we do indeed find that
the system submitted by the AMI team this year is

12COMET signature: COMET|model:Unbabel/wmt22-
comet-da|comet:2.2.7

13chrF++ signature: nrefs:1 | bs:1000 | seed:12345 |
case:mixed | eff:yes | nc:6 | nw:2 | space:no | version:2.6.0

System/model COMET chrF++

AMI 2025 0.7950 48.70
Llama8B+CPT+LoRA 0.7895 46.98
AMI 2026 (4B) 0.7792 45.88
Qwen3-4B-Instruct-2507 0.4569 30.87

Table 3: Comparison of COMET and chrF++ scores for
our system and others.

inferior to the submission from last year. By cutting
out the post-processing we do seem to lose some
quality, although other things may affect the results
too, such as the short CPT-process for this model,
or the fine-tuning process which was much simpler
last year when we fine-tuned it simply by showing
it very many examples of parallel sentences, and
always used the same short prompt. What is gained
on the other hand is a greater overall simplicity of
the system.

We also compared our model to another model
we did CPT on, an 8B-parameter Llama 3 model
(Llama Team, 2024), and then trained a LoRA
adapter in exactly the same way as we did with
our submitted model. The 8B-parameter Llama 3
was trained on Icelandic, English and Polish, 25
billion tokens in total, 40% Icelandic, 40% Polish
and 20% English. While the COMET and chrF++
scores are higher for this model than the submit-
ted model, upon manual inspection of the outputs,
we found that this model was much more prone to
hallucinations and going off track, although the flu-
ency of the Icelandic texts looked better than in our
submitted model. As the submitted model seemed
to be more likely to follow instructions correctly
we decided to go with that.

Finally, we compared our model to Qwen3-4B-
Instruct-2507, an instruction-tuned variant of the
base model we continued pre-training on. While
this comparison does not isolate the impact of
continued pre-training and fine-tuning, it repre-
sents a realistic alternative when no language-
specific training is performed. As expected, our
adapted model substantially outperforms this base-
line, which produces low-quality Icelandic output
and often fails to follow the domain prompts.

7 Conclusions and Future Work

We have evaluated DRAG only for a small lan-
guage model. Whether dictionary retrieval also
improves English–Icelandic translation for state-of-
the-art LLMs, which already handle the language
pair reasonably well, remains to be measured.
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Our dictionary retrieval draws solely on English-
keyed resources. The DRAG pipeline could poten-
tially be complemented by additional data, such
as Íslensk-ensk orðabók,14 an Icelandic–English
dictionary that could be queried in reverse. Match-
ing for English source words in IS-EN definitions
might bring to the surface Icelandic vocabulary and
translations that our English-keyed resources do
not contain.

The Qwen3 tokenizer is inefficient for Icelandic,
with each token representing only 2.22 characters
on average in the Icelandic subset of our CPT cor-
pus. This reduces the effective context length in
terms of Icelandic text and increases the number of
tokens, and consequently the computation, required
to process a given amount of text. In future work,
we intend to investigate longer CPT runs together
with vocabulary extension to improve the model’s
tokenization efficiency for Icelandic.

And finally, it may very well be so that when
fine-tuning an LLM to be effective at machine trans-
lation for a low-resource language, the small-sized
model we are working with is not big enough to pro-
duce reasonable quality, even after CPT, especially
when trying to make it follow long and complicated
prompts containing a lot of information. We leave
these questions for further work.
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The assembled prompt is rendered into the
model’s chat format as:

<|im_start|>system
{domain system prompt}<|im_end|>
<|im_start|>user
{dictionary block (optional)}

{examples block (optional)}

Translate the following English text into
Icelandic. Only return the best possible
Icelandic translation, without any
explanations or notes.

{source_text}<|im_end|>
<|im_start|>assistant
{translation}<|im_end|>

B Synthetic Data Generation Prompts

Training examples for the general, social, soft-
ware, and speech domains were synthetically
generated with Gemini 3.1 Pro (gemini-3.1-pro-
preview), using structured output constrained to a
fixed JSON schema (source text, target text, doc-
ument/paragraph IDs, and domain metadata) and
generated in batches of 5–10 examples per API call.
The news domain was not Gemini-generated; it is
drawn from the official WMT24 English–Icelandic
test set (Section 3.2). The base prompt for each
domain is reproduced below; batch-specific instruc-
tions (starting paragraph ID, exact batch size) were
appended automatically at generation time.

B.1 General domain (temperature 0.9)
Generate a batch of highly diverse,
general-purpose text in English
and their natural translations into
Icelandic. The topics should be
completely arbitrary—ranging from
scientific facts and philosophical
musings to mundane tasks, historical
trivia, or creative storytelling.
CRITICAL CONSTRAINT: Each source text
must be between 7 and 40 words long.
Ensure the Icelandic translations are
natural, fluent, and stylistically
appropriate for the content.

B.2 Social media domain (temperature 1.0)
Generate a batch of highly diverse
social media posts written in English
and their natural translations into
Icelandic. The posts should cover a
wide variety of topics: hobbies, tech,
travel frustrations, gym milestones, pet
antics, cooking failures, dating, work,
or daily observations. Use realistic

social media formatting, including
emojis, casual phrasing, slang,
internet acronyms, and appropriate
cultural adaptations in Icelandic (e.g.,
translating memes/slang accurately
rather than literally).

B.3 Software domain (temperature 0.4)
Unlike the other three domains, the software
prompt is constructed per-batch: for each example
in the batch, 1–6 English computing terms are sam-
pled at random from the computing-terminology
lexicon (Section 3.2.2), and the model is required
to use both the English terms in the source text
and their dictionary-specified Icelandic translations
in the target text, enforcing terminological consis-
tency with the dictionary the same system also uses
at inference time. The shared instruction, with one
example’s term constraint shown:

You are an expert bilingual technical
writer and translator (English to
Icelandic). Generate a batch of highly
diverse texts focused on software and
technology. For each example, you
MUST naturally incorporate the specific
English terms provided into the source
text, and you MUST use the exact mapped
Icelandic terms in the translated text.

Example 1: - Context: Write 1-3 short
paragraphs (separated by \n or \n\n). It
can be a software description, tech news,
or a general webpage mentioning tech.
- Required English terms to include in
src_text: [. . . ] - Required Icelandic
terms to include in tgt_text: [. . . ]
- Ensure the Icelandic translation
strictly uses these exact translated
terms.

B.4 Speech domain (temperature 1.0)
Generate a batch of transcribed speech
examples in English and their natural
translations into Icelandic. The
English text should read exactly like
a raw transcript from a YouTube video,
podcast, or interview. It MUST
include characteristics of unscripted
spoken language: filler words (um, uh,
you know), run-on sentences, abrupt
topic changes, self-corrections, and
conversational phrasing. Topics should
range from makeup tutorials, gaming
let’s plays, academic lectures, random
vlogs, to fitness coaching. The
Icelandic translation must accurately
convey this messy, spoken tone rather
than reading like formal text.
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Domain System prompt

General You are a professional Icelandic translator,
tasked with providing translations suitable for
use in Icelandic (isl_Latn). Your goal is to
accurately convey the meaning and nuances of
the original text while adhering to Icelandic
grammar and vocabulary and ensuring that the
translation is natural. Produce only the Icelandic
translation, without any additional explanations
or commentary. Maintain the formatting of the
original source text. Please translate the
following text into Icelandic (isl_Latn):

News . . . The original text is a news article. Ensure the
translation is formal and consistent with
journalistic standards. Produce only the Icelandic
translation, without any additional explanations
or commentary. Maintain the HTML formatting
of the original source text. Please translate the
following text into Icelandic (isl_Latn):

Social . . . The original text is user-generated content
from a social media platform and is accompanied
by anonymized screenshot images that provide
visual context. Use the screenshot context to
resolve ambiguity, but translate only the text
provided for translation. Do not reproduce
spelling mistakes. Reproduce marks of
expressiveness that communicate meaningful
intent (e.g. enthusiasm through capitalisation or
elongation) in a way that is natural in Icelandic.
Copy URLs and user handles directly rather than
translating them. However, translate hashtags as
appropriate for the translation to be natural for
social media text. Follow the punctuation of the
source text as best as possible. Additional
punctuation should be added only if not doing so
would seriously alter the comprehension of the
text. Translate text in an informal style, like close
friends talking, even if it changes the original
tone. Produce only the Icelandic translation,
without any additional explanations or
commentary. Maintain the HTML formatting of
the original source text. Please translate the
following text into Icelandic (isl_Latn):

Speech . . . The original text is automatically transcribed
from spoken language and can contain errors.
Maintain the flow and colloquial style of the
speaker in the translation. Do not include
non-linguistic sounds (e.g. laughter, groans,
hesitation sounds, etc.), but do include
interjections. If a word is interrupted, either
guess the full word if possible or otherwise omit
it. Keep foreign words as they are when
translating. Produce only the Icelandic
translation, without any additional explanations
or commentary. Output the text such that each
sentence is on a separate line. Please translate the
following text into Icelandic (isl_Latn):

Software . . . The original text is from software data.
Translate the content of json, without translating
keys and placeholders (i.e. copy them rather than
translate them). Produce only the Icelandic
translation, without any additional explanations
or commentary. Produce a valid json output that
matches the input format. Please translate the
following text into Icelandic (isl_Latn):

Table 4: Domain-specific system prompts. Each be-
gins with the shared preamble “You are a professional
Icelandic translator. . . ensuring that the translation is
natural.”, elided above with . . . for space.
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