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Abstract

We describe the PSK submission to the WMT
2026 Multilingual Instruction Shared Task. Our
system uses the 3.35B-parameter Tiny Aya
Global model with three QLoRA adapters, one
for each task. The adapters are trained on mul-
tilingual document—summary pairs, passage-
based question answering, and filtered stan-
dalone question answering. The summarization
data also includes scientific papers with their
author-written abstracts. On our held-out split,
the context and summarization adapters per-
form better than our multitask adapter, which
was trained only on data supplied by the orga-
nizers. Results for open QA are mixed and vary
with answer length and evaluation method. We
therefore submit three systems with the same
context and summarization adapters but differ-
ent open-QA adapters.

1 Introduction

The WMT 2026 Multilingual Instruction Shared
Task (MIST) evaluates models under a 10B-
parameter limit on three tasks: context-based ques-
tion answering, summarization from a document
in language X to language Y, and open-ended
generation (WMT 2026 MIST Organizers, 2026).
The test set covers 24 languages and contains both
same-language and cross-lingual generation. MIST
follows the broader multilingual evaluation effort
introduced in WMT 2025, which found substan-
tial variation across tasks and languages and also
showed that automatic metrics are imperfect for
open generation (Kocmi et al., 2025).

We use one multilingual backbone with three
task-specific adapters. Tiny Aya Global (Sala-
manca et al., 2026) is first adapted to the provided
data and then continued separately for each task.
This design preserves a single 3.35B backbone
while allowing the supervision and decoding policy
to follow the output structure of each task.

2 Task and System Overview

MIST provides a task label at inference time. We
use it to select one of three LoRA adapters and the
corresponding decoding configuration (Figure 1);
there is no language-specific routing.

2.1 Base Model and Initial Adaptation

We use CoherelLabs/tiny-aya-global, a 3.35B-
parameter model covering 70 languages (Sala-
manca et al., 2026). Its 8K context window sup-
ports the longer task inputs. An initial multitask
adapter is trained on 20,293 provided examples us-
ing a deterministic 85/15 split; the resulting 3,626
held-out examples are reused for model selection.
The task-specific adapters are initialized from this
model.

3 Training Data

Table 1 summarizes the task-specific training data.
Validation examples and exact test prompts are
excluded from training.

3.1 Summarization

The 12,000-example mixture is divided evenly be-
tween general and scientific text. General examples
combine provided data with CrossSum (Bhattachar-
jee et al., 2023), WikiLingua (Ladhak et al., 2020),
and UPDESH (Chitale et al., 2026). The scien-
tific portion uses full ACL Anthology papers (Bird
et al., 2008) with author-written abstracts. No Lan-
guage Left Behind (NLLB) (NLLB Team, 2024)
supplies non-English targets, which are filtered for
language, length, repetition, and semantic consis-
tency. We remove test overlaps and placeholder-
heavy papers. We also screen the provided data for
likely misalignment by comparing each summary
with chunks of its source document and discarding
a pair only when both its best LaBSE similarity and
best chrF score fall below fixed thresholds.
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Figure 1: The three routes share one frozen Tiny Aya Global backbone. The known task label selects an adapter and

its decoding policy; language does not change the route.

Adapter Rows Context Main sources and construction

Multitask adapter 20,293 8,192 Provided MIST sample training split across all three tasks

Summarization 12,000 8,192 6,000 general examples from the provided data, CrossSum, Wik-
iLingua, UPDESH, and targeted language pools; 6,000 ACL papers
paired with author abstracts

Context QA 8,512 4,096 Belebele, answerable TyDi QA, MLQA, MCIF, UPDESH cultural
multihop data, and small Czech/Yoruba Aya pools

Open QA 6,400 2,048 Provided open-QA examples plus filtered Aya and WMT25 MIST

examples; includes Hindi questions and answers translated into

Bhojpuri

Table 1: Supervised data used by the selected task adapters. Each is initialized from the multitask adapter.

3.2 Context Question Answering

The context-QA training set combines Belebele
(Bandarkar et al., 2024), answerable TyDi QA
(Clark et al., 2020), MLQA (Lewis et al., 2020),
MCIF (Papi et al., 2026), UPDESH, and small
Czech and Yoruba Aya subsets. MLQA supplies
parallel and cross-lingual examples.

3.3 Open-Ended Question Answering

Open QA combines provided examples, WMT25
MIST questions, and the Aya Dataset and Col-
lection (Singh et al., 2024). We retain short fac-
tual and explanatory QA while excluding passage-
dependent, multiple-choice, creative-writing, code,
translation, and continuation tasks. We also trans-
late a small set of Hindi questions and answers into
Bhojpuri with NLLB.

4 Training and Inference

We use QLoRA (Dettmers et al., 2023) with 4-bit
NF4 quantization and BF16 computation. LoRA
(Hu et al., 2022) is applied to the attention and
feed-forward projections with rank 16, alpha 32,
and dropout 0.05. Each adapter is trained for one
epoch with effective batch size 16; learning rates
are 1 x 104 for summarization, 8 x 10~ for open
QA, and 2 x 10~ for context QA.

Inference uses greedy decoding without sam-
pling. After observing repetitive outputs on the de-
velopment set, we add repetition penalties of 1.05

for open QA and 1.03 for summarization. We also
block repeated 4-grams in summarization outputs.

S Development Results

We report exact match (EM), chrF (Popovié, 2015),
ROUGE-L (Lin, 2004), and LaBSE cosine simi-
larity (Feng et al., 2022). For open QA, we use
chrF, ROUGE-L, and LaBSE together with manual
inspection of validation outputs.

5.1 Task-Level Results

Table 2 reports development scores for the evalu-
ated adapters. The 8.5k context mixture and the
12k summary mixture are selected for submission.

The targeted context continuation is marginally
higher on ROUGE-L and LaBSE, whereas the 8.5k
context mixture is higher on EM and chrF. We
therefore select the latter.

5.2 Scientific Summarization

Table 3 reports results on a 336-example scientific
validation set. Gold targets are author abstracts;
non-English targets are translated and quality fil-
tered. The 12k mixture is strongest across all three
metrics.

Blocking repeated 4-grams removes the ob-
served summary loops.

5.3 Open QA and Submitted Systems

Best-score QA has the strongest aggregate auto-
matic scores. Long-form QA is stronger on a manu-



Task Training variant n EM chrF ROUGE-L LaBSE
Summarization Multitask adapter 1,651 0.00 2297 0.1571  0.6681
12k general/scientific mix 1,651 0.00 26.81 0.1780 0.6919
Multitask adapter 1,517 6625 77.07 0.6834  0.8813
Context QA 8.5k context mixture 1,517 68.89 78.58 0.6959 0.8897
+4.8k targeted continuation 1,517 68.36  78.36 0.6966  0.8906
Multitask adapter 794 390 28.34 0.2287  0.6524
Open QA Long-form QA 794 4.03 27.96 0.2307  0.6600
Best-score QA 794 4.16 28.41 0.2329  0.6638

Table 2: Internal model-selection results on identical held-out rows. EM is a percentage and LaBSE is cosine

similarity.
Model chrF ROUGE-L LaBSE
Multitask adapter 13.27 0.0742  0.6556
8k summary mix 25.28 0.1812  0.6959
12k summary mix 29.76 0.2082  0.7535

Table 3: Results on the scientific summarization valida-
tion set (n = 336). The summary mixtures are evenly
divided between general and scientific data.

System Summary Context Open
PSK-primary 12k mix 8.5k mix Long-form
PSK-variant_ A 12k mix 8.5k mix  Best-score
PSK-variant_B 12k mix 8.5k mix  Multitask

Table 4: Submitted routes. The open-QA variants are
named for their selection criterion.

ally identified set of long-form prompts and reaches
the generation limit less often. Our main submis-
sion uses Long-form QA. A second submission
uses Best-score QA. Table 4 summarizes the three
submitted routes.

6 Analysis

Separate adapters improve context QA and sum-
marization on our development set. Scientific sum-
marization also improves after adding papers and
their abstracts to the training data. Open QA has
no clear winner. Best-score QA performs better on
automatic metrics, while Long-form QA works bet-
ter on the longer questions we checked manually
and is less likely to hit the output limit.

The shared summarization route improves chrF
over the multitask adapter in all 28 represented
languages. The shared context-QA route improves
exact match in 19 of 25 languages, ties in four,
and declines in two. Open QA remains mixed: the
primary route improves chrF in 9 of 19 languages,
and variant A improves it in 10 of 19. Appendix A
gives the complete language-level changes and cell

sizes.

7 Conclusion

We present a routed Tiny Aya Global system with
one QLoRA adapter per MIST task. Development
results select the 8.5k context mixture and the 12k
summary mixture, while the three submissions vary
the less stable open-QA route. Official evaluation
will provide the appropriate shared-task compari-
son.

Limitations

Reference metrics do not directly measure factual-
ity and are particularly limited for open QA. Trans-
lated scientific targets may retain artifacts. Results
use one backbone and one development split. The
router also assumes that the task label is available.

Ethics Statement

Public and challenge-provided datasets are used
under their respective terms. Machine translation
may reproduce source and model biases, and open-
ended outputs may contain incorrect or harmful
claims. The system should not be treated as a fac-
tual authority without verification.
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A Language-Level Changes Language n Primary AchrF Var. A AchrF

. Arabic 52 +0.22 -0.16
Tables 5 and 6 report changes from the multitask Bengali 1 1015 072
adapter on identical held-out examples. All submit- Czech 11 +1.53 +1.62
ted systems share the summary and context routes. German 43 -2.02 -1.34
. . English 11 -0.18 +1.82
The primary system uses Long-form QA, variant A French 45 -1.89 0.79
uses Best-score QA, and variant B retains the mul- Hindi 52 -1.44 +1.75
titask open-QA route, for which every open-QA Indonesian 53 +0.86 +1.50
. Italian 45 +2.94 +2.16
change is zero. Context-QA changes are exact- Japanese 52 125 2084
match percentage points; summary and open-QA Korean 45 -0.43 +0.02
: Lt Marathi 45 -4.24 -2.62
changes are chrF points. These are descriptive re Portuguese 45 070 068
sults, and some language cells are small. Russian 52 -1.65 111
Spanish 45 242 -1.57
Turkish 45 +0.21 +1.33
Language ns As noc Ac Vietnamese 45 +1.62 +1.00
Arabic 85 +4.39 90 +4.44 Yoruba 45 +1.87 +1.57
Bengali 66 +8.18 20 +10.00 Chinese 52 +1.38 +0.03
Bhojpuri 14 +26.89 - -
Czech 14 +12.80 - — . .
Central Kurdish 14 4923 45 2.2 Table 6: Open-QA chrF changes. The primary system
German 34 4597 93 4323 uses Long-form QA; variant A uses Best-score QA.
English 70 +0.87 93 +3.23 Variant B is the multitask reference and has zero change.
Finnish 14 +6.59 45 +2.22
French 68 +1.11 45 +0.00
Haitian Creole 34 +1.86 45 +2.22
Hindi 85 +540 45 +2.22
Indonesian 85 4326 90 +4.44
Italian 34 +3.83 93 +2.15
Japanese 82 +3.02 90 +4.44
Korean 79 +2.03 90 -1.11
Marathi 79 +5.53 45 +0.00
Persian 69 +5.59 45 +6.67
Portuguese 84 +0.09 45 +2.22
Russian 85 +5.10 90 +2.22
Slovak 34 +8.72 45 +2.22
Spanish 85 +4.17 45 +4.44
Swabhili 53 +1.88 45 +4.44
Telugu 53 +0.82 45 +0.00
Thai 48 +2.30 45 +2.22
Turkish 84 +245 45 +8.89
Vietnamese 84 +4.07 45 +2.22
Yoruba 47 +2.60 - -
Chinese 68 +1.93 93 +0.00

Table 5: Changes for the shared routes. S denotes sum-
marization (AchrF), and C' denotes context QA (AEM
in percentage points).
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