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Abstract

In this paper, we describe our submission to the
WMT26 Multilingual Instruction Shared Task
(MIST), Sub-task 1 (context-based question an-
swering). We fine-tune Qwen2.5-3B-Instruct
with a LoRA adapter on 3,112 extractive-QA
examples drawn from the answerable subset
of TyDi QA. We submit outputs for the mono-
lingual Arabic (question and context both in
Arabic) instances of the official qa-context
test set. Our system reaches a mean token accu-
racy of 0.9643 and produces accurate extractive
spans. On the held-out split, fine-tuning roughly
doubles both exact match (23.81 → 53.97) and
token-level F1 (37.00 → 68.52) relative to the
base model. The adapter corrects over-refusal
tendency in addition to improving span pre-
cision. The base model emitted a no-answer
string in 60% of passages with answers, ver-
sus 0% for the fine-tuned model. We report
error analysis and discuss the model’s weaker
behaviour on cross-lingual context instances.

1 Introduction

Extractive question answering is a core component
of many Natural Language Understanding systems,
and has been driven largely by English resources
such as SQuAD (Rajpurkar et al., 2016). Mul-
tilingual benchmarks including TyDi QA (Clark
et al., 2020), XQuAD (Artetxe et al., 2020) and
MLQA (Lewis et al., 2020) have since extended cov-
erage, but performance still degrades for languages
with fewer resources and for models small enough
to run on a consumer GPU. Arabic is a case in point.
Recent surveys identify the scarcity of benchmark

datasets, limited text-processing tools, and a persis-
tent reliance on translations of English datasets as
central obstacles for Arabic question answering (Es-
sam et al., 2024). Despite dedicated efforts such
as ARCD (Mozannar et al., 2019), DAQAS (Alami
et al., 2023), AraBERT (Antoun et al., 2020) and
EAD-Bi-LSTM-BERT (Saoudi and Mohsen Gam-
moudi, 2025), extractive QA resources for Arabic
remain limited compared with English.

The 2026 Multilingual Instruction Shared Task
(MIST) (Schmidtová et al., 2026)1 evaluates
instruction-following capability across languages
and tasks under a strict constraint that the final sys-
tem’s total parameter count must be under 10B. The
organizers propose three sub-tasks:

• Sub-task 1 — context-based question answer-
ing: given a passage and a question, produce
a short answer extracted from the passage;

• Sub-task 2 — summarization from and to any
language;

• Sub-task 3 — open-ended generation.

Note that Sub-task 1 is cross-lingual in practice.
In the official test data the passage and the question
are frequently in different languages, and the system
must still produce a short answer in the language
of the question.

Parameter-efficient fine-tuning has made adapta-
tion of large pretrained models feasible under such
constraints. LoRA (Hu et al., 2022) trains a small

1https://www2.statmt.org/wmt26/multilingual
-instruction.html

https://www2.statmt.org/wmt26/multilingual-instruction.html
https://www2.statmt.org/wmt26/multilingual-instruction.html
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number of low-rank update matrices while leav-
ing the base model frozen, and has been shown to
match full fine-tuning on many downstream tasks
at a fraction of the memory cost.

In this paper, we present the alkhder submission
to MIST, which focuses on Sub-task 1, in which a
system is given a passage and a question and must
produce a short verbatim answer span extracted
from the passage. We mainly target the Arabic lan-
guage. Our submission is therefore best understood
as a monolingual case study within the shared task
as we deliberately scope it to the 25 test instances
where question and passage are both Arabic.

Our system fine-tunes Qwen2.5-3B-
Instruct (Qwen et al., 2025) with a LoRA
adapter on 3,112 extractive-QA examples drawn
from the answerable_tydiqa subset of the
official sample data. The subset spans multiple
languages, but every instance is monolingual and
no example pairs a passage in one language with a
question in another.

We show that a LoRA adapter with 1.90% of
the base model’s parameters, trained in under half
an hour on RTX 4090, improves Arabic extractive
QA. We find that the base model over-refuses on
this task, emitting a no-answer string on 60% of
the submitted test instances where an answer was
present whilst this is not observed with fine-tuning.
In addition, we introduce a character-offset-based
completion-only loss masking scheme and conduct
error analysis to document common failures. A
post-submission analysis, machine-translating the
context into Arabic before extraction, eliminates
this failure mode on a sample of cross-lingual in-
stances. We submit outputs for the monolingual
Arabic context-based QA instances in the official
test set, and release our code and adapter.2

The rest of the paper is organized as follows: Sec-
tion 2 presents the training data, Section 3 describes
our methods, Section 4 details the experimental
setup and describes the test set composition and
our submission. Section 5 presents results on the
held-out split and error analysis, Section 6 discusses
limitations and future work and Section 7 presents
our concluding remarks.

2 Data

2.1 Datasets
Table 1 summarises the data used in this work.

2Adapter: https://huggingface.co/hasankh/qwe
n2.5-3b-arabic-context-qa-lora.

Dataset Use Instances

answerable_tydiqa train 3,049
answerable_tydiqa held-out 63
MIST test (arb, qa-context) submission 25

Table 1: Data used

wmt26-mist-sample. Training data is drawn
from the official wmt26-mist-sample release
of Schmidtová et al. (2026), which provides input-
output pairs in 27 languages. We filter to exam-
ples whose source field equals answerable_t
ydiqa which constitutes the answerable subset of
TyDi QA, via the copenlu/answerable_tydiqa
derivation. This yields 3,112 context-question-
answer triples. Because TyDi QA itself is mul-
tilingual and our filter does not further restrict by
language, the resulting training corpus spans mul-
tiple languages (we observe English, Arabic, and
Russian examples upon inspection). Each instance
is nonetheless monolingual combining a passage, a
question, and a gold answer that appears as a ver-
batim span of the passage, all three in the same
language. No instance pairs a passage and a ques-
tion in two different languages.

MIST test set. The test set is released as JSONL
with fields id, prompt, task and question_lang.
The official qa-context test set contains 8,640 in-
stances across 24 languages, of which 96.1% are
cross-lingual i.e., the passage and the question are
in different languages, and the system is expected
to return the answer span rendered in the question’s
language. Of the 360 instances whose question is in
Arabic, only 25 have Arabic in both positions. Be-
cause our training data contains no cross-lingual ex-
ample, we scope our submission to these 25 mono-
lingual Arabic instances, where we have direct evi-
dence of reliable model behaviour. Gold answers
are not released, so we report test-set behavior via
comparison against a base model.

2.2 Data Processing
Each training example was converted into a single
ChatML-formatted string of the form:

<|im_start|>system
You are an extractive multilingual
question answering system...
<|im_start|>user
Context: {context}
Question: {question}
Answer:

https://huggingface.co/hasankh/qwen2.5-3b-arabic-context-qa-lora
https://huggingface.co/hasankh/qwen2.5-3b-arabic-context-qa-lora
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<|im_end|>
<|im_start|>assistant
{answer}
<|im_end|>

The same template is used at inference time for
both our fine-tuned model and the base model. We
reserved 2% of the training data (63 examples) as
a held-out evaluation split, sampled uniformly at
random with a fixed seed (42).

We apply a filter to source==answerable
_tydiqa, which selects the answerable subset of
TyDi QA. Unanswerable questions were already
excluded by the derivation and the model is not
shown an example in which the correct response is
to abstain.

The absence of cross-lingual examples is inher-
ent to the released answerable_tydiqa deriva-
tion. Using an automated language check over all
training instances, 96 are flagged as potential mis-
matches (3.1%), all of which manual inspection
confirmed as false positives (very short questions,
embedded foreign proper nouns, or closely related
Cyrillic-script languages). No training example
pairs a context and a question in different languages.
We chose not to synthesize such pairs (e.g., by pair-
ing passages and questions across languages), since
a verbatim gold answer can only be validated within
its own passage, and we scope our submission ac-
cordingly.

3 Method

3.1 Base Model and Adapter

We fine-tune Qwen/Qwen2.5-3B-
Instruct (Qwen et al., 2025) with a LoRA
adapter (Hu et al., 2022) (rank r = 32, α = 64,
dropout = 0.05) targeting all attention and MLP
projection matrices (q_proj, k_proj, v_proj,
o_proj, gate_proj, up_proj, down_proj).
This yields 59.9M trainable parameters, i.e. 1.90%
of the base model’s 3.15B total parameters. The
shared task’s 10B budget applies to the total param-
eter count of the final system including the adapter.
At deployment our system consists of the 3.09B
frozen base parameters plus the 59.9M adapter
(≈3.15B in total), well within the shared task’s
limit. Training uses BF16 precision throughout.
We do not use quantization (bitsandbytes was
incompatible with our CUDA 13.0 environment
at the time of training) and do not use Unsloth or
QLoRA (Dettmers et al., 2023).

Qwen2.5-3B-Instruct was selected as it is multi-
lingual and reports competitive Arabic performance
for its size. With 3B parameters, it fits in 24GB
of VRAM and leaves substantial margin under the
10B budget. We also opted for LoRA over full
fine-tuning because the adapter is only 1.90% of
the model’s parameters and trains rapidly on a sin-
gle GPU. It has previously been applied to Ara-
bic adaptation under comparable shared-task con-
straints (Alkhder and Abboush, 2026).

3.2 Completion-Only Loss Masking

Extractive QA requires the loss to be computed only
on the gold answer span and not on the context or
question tokens. The trl (Von Werra et al., 2020)
library no longer provides completion-only mask-
ing for raw-text formats, and template-based token
matching is unreliable because subword tokeniza-
tion is context-dependent (Sennrich et al., 2016).
An identical string would yield different token IDs
depending on the characters preceding it and the
search might not align. We therefore implement a
character-offset-based masking scheme, illustrated
in Figure 1. Each example is tokenized once with
character-to-token offset mapping enabled. The lit-
eral response template is located as a plain substring
of the raw text, giving a character index b for the an-
swer boundary. Every token whose character span
starts before b is assigned the ignore index (−100)
in the label sequence, and all remaining tokens keep
their true label.

Formally, for a sequence of tokens t1 . . . tn with
character spans (si, ei):

`i =

{
−100, if si < b

ti, otherwise

Unlike token-level template matching, our ap-
proach locates the answer boundary in the raw char-
acter string and is therefore robust to tokenizer
merge behavior, and requires no dependence on
collator internals.

3.3 Training Configuration

We train for 3 epochs with per-device batch size 4
and gradient accumulation 8 (effective batch size
32), a cosine learning-rate schedule peaking at
2 × 10−4 with a 3% warmup ratio, gradient clip-
ping at 0.3, a maximum sequence length of 1024
tokens, and gradient checkpointing. Checkpoints
are saved every 100 steps (limit 3), with the best
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... Answer : <|im_start|> assistant Riy adh <|im_end|>

<|im_start|>assistant...Answer: Riyadh...

-100 -100 -100 -100 -100 t6 t7 t8

b

ignored in loss contributes to loss

raw text

tokens

labels

Figure 1: Character-offset loss masking. The response template is located as a substring of the raw text, giving
boundary b. Tokens whose spans start before b (grey) receive the ignore index, tokens at or after b (blue) contribute
to the loss.

selected by evaluation loss. Training ran on a sin-
gle NVIDIA RTX 4090 (24GB) and took 20 min-
utes 58 seconds. Our configuration follows com-
mon practice for LoRA fine-tuning models of few-
billion-parameter models and was fixed across all
experiments. No hyperparameter search over ranks,
target modules, or learning rates was performed.
Full hyperparameters are given in Appendix A, Ta-
ble 6.

4 Experiments

4.1 Experimental Setup
Inference. Inference uses greedy decoding with
no sampling for deterministic reproducible extrac-
tive outputs, with generation stopped at the end-
of-sequence or <|im_end|> token. We initially
set max_new_tokens=64, which we found trun-
cated enumeration-style answers mid-word. We
thus raised this to 128 for all reported results and
for the final submission.

Baseline. We compare against the Qwen2.5-3B-
Instruct without our LoRA adapter, executed
with the same inference script prompt template and
decoding settings above. Only the presence of the
adapter differs between the systems.

Metrics. We report exact match (EM) and token-
level F1, computed after normalization by stripping
Arabic and Latin punctuation and collapsing whites-
pace. We additionally report mean token accuracy
on the held-out split.

4.2 Test Set Composition and Scope
The official test set includes a total of 8,640 qa-
context instances across 24 confirmed test lan-
guages. Of these, only 340 (3.9%) are monolingual

(question language equals context language) and
the remaining 96.1% are cross-lingual making the
task mostly cross-lingual. Of the 360 instances
whose question is in Arabic, 25 (6.9%) have Arabic
in both positions, a share above the median across
non-English languages in the test set. The remain-
ing 335 pair an Arabic question with a different
answer language.

Given that our training data, while multilingual
in aggregate, never contained a cross-lingual exam-
ple, we scope our primary submission to these 25
monolingual Arabic instances and the remaining
test instances receive no output from our system.

5 Results

5.1 Training behaviour
Table 2 summarizes training and evaluation metrics
on the held-out split.

Metric Split Value

Loss Train (final) 0.0822
Loss Eval 0.1658
Mean token accuracy Eval 0.9643
Entropy Eval 0.0383
Training runtime — 20 min 58 s
Trainable parameters (LoRA) — 59,867,136

Table 2: Training and evaluation metrics on the held-out
split.

We observe that fine-tuning converges quickly
and cheaply. The adapter reaches a final training
loss of 0.0822 and a held-out loss of 0.1658 in
20 minutes 58 seconds. The gap between the two
losses is the mild overfitting expected from three
epochs over 3,112 examples, and the low output
entropy (0.0383) indicates a high confidence about
where answer spans begin and end.
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Mean token accuracy reaches 0.9643, which
might appear to indicate near-perfect extraction.
However, this does not necessarily account for the
error compounding that occurs during autoregres-
sive decoding. We report EM and F1 below.

5.2 Baseline Comparison

We evaluate the unmodified base model on the iden-
tical held-out split using identical prompt construc-
tion, decoding parameters and tokenizer. Attaching
the adapter doubles EM and F1 metrics on the held-
out split (Table 3), improving EM by 30.2 points
and F1 by 31.5 points. The fine-tuned model re-
turns a correct span on 34 of the 63 items against 15
for the base model. Since the settings are identical
for both runs, the improvement is attributable to
fine-tuning.

Model EM F1

Baseline (no adapter) 23.81 37.00
LoRA fine-tuned (ours) 53.97 68.52

Table 3: Exact Match and F1 score on the held-out split.

A second effect appears on the test instances. To
characterize behavior on the exact instances we sub-
mitted, we ran the unmodified baseline on all 25
Arabic qa-context instances under identical de-
coding settings to the LoRA run, using the training-
time system prompt for both. The baseline outputs
a no-answer string ( ةباجإدجوتلا ) on 15 of 25 in-
stances (60%) where an answer was in fact present
in the passage. The fine-tuned model emitted it on
none. Fine-tuning thus improves span-extraction
precision and corrects refusal tendency in the base
model. Table 4 shows example cases.

5.3 Error Analysis

We manually reviewed all 25 submission outputs, to-
gether with a sample of cross-lingual qa-context
outputs for the Arabic question language. Table 5
summarizes errors we observed.

The truncation mode is resolved by the
generation-length fix and does not affect the final
submission. For the answer-type mismatch, the
model produces an in-passage short span that is
nonetheless the wrong one. We suspect this re-
flects the extractive objective rewarding short high-
overlap spans without an explicit answer-type con-
straint.

5.4 A Translation-Based Approach to the
Cross-Lingual Setting

Following the observation that errors we encoun-
tered are focused on cross-lingual inputs (Table 5),
we evaluated a lightweight translate-then-extract
approach post-submission. We sampled 50 cross-
lingual qa-context instances with Arabic ques-
tions, machine-translated the context into Arabic
with NLLB-200, and ran our fine-tuned system
unchanged on the translated context, comparing
against the same instances without translation.

Without translation, 52% of outputs (26/50) con-
tained foreign-language leftovers or script mixing.
With translated context, this dropped to 0% (0/50),
with 96% of outputs in clean Arabic, one output
(2%) showed a repetition artifact, and no refusals
occurred in either condition.

6 Discussion

Overall, the system improves substantially with the
adapter, but several limitations remain. The pro-
posed system has no concept of an unanswerable
question. The answerable subset we train on con-
tains no example in which the correct response
is to abstain, while the system prompt continues
to demand abstention when no answer is present.
The model has no learned behaviour for abstaining.
Fine-tuning did not so much calibrate this behaviour
as invert it. Our EM and F1 figures are therefore
not comparable to results on the full test set, which
includes unanswerable instances.

Moreover, no training example paired a context
and a question in different languages. The model
performs unreliably on such inputs, which consti-
tute 96.1% of the released qa-context test data.
Machine-translating the context into Arabic elimi-
nates the dominant failure mode on a 50-instance
sample indicating that the cross-lingual failures
stem from context-language mismatch rather than
question understanding, and that a translation pass
extends our system to the cross-lingual majority
of the test set without retraining or additional data
collection. All other results are reported on a held-
out split of the training distribution, and we do not
evaluate on an external benchmark.

Post-submission inspection revealed that the sys-
tem prompt used during training differs from the
submission-generation script. The results reported
here use the training-time prompt for both systems
and come from a post-hoc re-run, and are therefore
not identical to the submitted outputs.
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Instance ID Question Baseline LoRA (ours)

qa-context\_4\_a
rb\_arb

...ةيعامتجلااوةيسفنلادئاوفلايهام

What are the psychological and social
benefits…?

ةباجإدجوتلا

No answer
يرشبلاعادبلإاويفاقثلاعونتلامارتحاززعت

Promotes respect for cultural diversity
and human creativity

qa-context\_7\_a
rb\_arb

تحتةجردملاىرخلأاةطشنلأايهام

...�ج�مسقلا

What other activities are listed under
Section (C)…?

ةباجإدجوتلا

No answer
ضورعلاءادأديلاقتونونف

Performing arts and performance
traditions

qa-context\_9\_a
rb\_arb

لىعلمتشيامعمتجمثارتناكاذإ

يطغييذلالاجملاامف،ةيكلفتاظحلام

؟ةطشنلأاهذه

If a society’s heritage includes
astronomical observations, which
domain covers these activities?

ةباجإدجوتلا

No answer
سوقطلاوةيعامتجلااتاسرامملا

تلاافتحلااو

Social practices, rituals and festive
events

Table 4: Baseline refusal on submitted test instances. English glosses appear in italics below the Arabic text.

Failure mode Description Example ID

Truncation Enumeration-style gold answers were cut off mid-word at
max_new_tokens=64. Resolved by raising the generation bud-
get to 128 tokens.

qa-context_8_arb_arb

Unanswerable ques-
tions

The model was never trained on unanswerable examples. On unan-
swerable test questions it fabricates a plausible span instead of a
no-answer ةباجإدجوتلا .

qa-context_15_arb_arb

Answer-type mis-
match

The model returns an adjacent span that does not satisfy the ques-
tion’s expected answer type. Asked رارقتغاصيتلالودلايهام

؟اذهنملأاسلجم , it returns نملأاسلجم — present in the passage,
but does not answer the question requesting a list of states.

qa-context_25_arb_arb

Cross-lingual: verba-
tim copy

When the passage language differs from the question language, the
model sometimes copies a source-language span verbatim instead
of rendering it in the question language.

qa-context_2_arb_ces

Cross-lingual:
hallucination / script-
mixing

On cross-lingual inputs the model occasionally produces text mixing
scripts (e.g. Arabic, Bengali and Chinese characters in one span) or
topically unrelated to the passage.

qa-context_2_arb_ben

Table 5: Recurring errors observed during manual review.

For future work, the system could benefit from
incorporating unanswerable examples into training,
restoring calibrated abstention behaviour.

7 Conclusion

In this paper we describe our submission to the
WMT26 Multilingual Instruction Shared Task. We
present a resource-efficient LoRA fine-tune of
Qwen2.5-3B-Instruct for Arabic context-based ex-
tractive question answering trained on a consumer
GPU in under 21 minutes. Fine-tuning doubles ex-
act match and F1 over the unmodified base model
on a held-out split, and eliminates a refusal behavior
in which the base model declined to answer despite
the answer being available.
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A Hyperparameters

Hyperparameter Value

Adapter
LoRA rank (r) 32
LoRA α 64
LoRA dropout 0.05
Target modules q,k,v,o,gate,up,down
Trainable parameters 59,867,136 (1.90%)

Optimization
Epochs 3
Per-device batch size 4
Gradient accumulation 8
Effective batch size 32
Learning rate 2× 10−4

LR schedule cosine
Warmup ratio 0.03
Gradient clipping 0.3
Max sequence length 1024
Precision BF16, no quantization
Gradient checkpointing enabled
Save steps / limit 100 / 3
Checkpoint selection best eval loss
Random seed 42

Inference (both systems)
Decoding greedy
max_new_tokens 128
Attention implementation sdpa

Hardware
GPU NVIDIA RTX 4090 (24GB)
Training runtime 20 min 58 s

Table 6: Hyper-parameters used to train our model.
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