
SentinelQA: Task-Level Routing and Output Verification
for Multilingual Instruction Following

Asher Egerton-Idehen
Independent Researcher

asheregerton1@gmail.com

Abstract

We describe team Sentinel’s submission to the
WMT26 MIST shared task on multilingual in-
struction following. We allocate the budget
across a pipeline built on gemma-3-4b-it:
a fixed task-level router that selects between
fine-tuned and base behaviour, and a deter-
ministic verification layer checking language,
length, repetition and chat-template artefacts.
Our submitted system uses 9.46B parameters.
A proposed shared-base LoRA configuration
would use 5.16B, but was not evaluated end-
to-end. Fine-tuning raises context-based QA
token-F1 from 0.267 to 0.74. The verification
layer alters roughly 9% of outputs and raises
our reference-free compliance measure by 2.2
points; because a replacement is accepted only
when it passes more of the same checks, we
report this as the yield of the intervention rather
than an identified effect. Yoruba compliance
falls from 0.816 under base to 0.675 under the
augmented full fine-tune, recovering partially
to 0.754 with LoRA; these single-seed obser-
vations do not isolate augmentation or tuning
method as the cause.

1 Introduction

The WMT26 MIST shared task evaluates mul-
tilingual instruction following across three sub-
tasks: context-based question answering (qa-
context), open-ended generation QA (qa-
oeg), and mono- and cross-lingual summarization
(sum-sum), in 24 languages and subject to a limit
of 10B parameters across all deployed components.

The test set contains 12,775 items: 8,640 qa-
context (67.6%), 2,359 qa-oeg (18.5%) and
1,776 sum-sum (13.9%). Most items are cross-
lingual. Computed from the item identifiers, 95.8%
of sum-sum items and 96.1% of qa-context
items ask for output in a language other than that
of the source document, almost always English;
qa-oeg is entirely monolingual.

Our submission is built on gemma-3-4b-it
(Gemma Team, Google DeepMind, 2025), a 4.37B-
parameter instruction-tuned model. We submit
three systems. The primary system routes each
item by subtask: fine-tuned behaviour for qa-
context, base behaviour for qa-oeg and sum-
sum. The two contrastive systems are the fine-
tuned model alone and the base model alone, the
latter doubling as our untuned baseline. All three
pass every generation through the same verification
layer (§4); Figure 1 shows the proposed shared-
base serving configuration.

2 Related Work

The verification layer is a minimal instance of the
pattern studied in the self-correction literature, e.g.
Self-Refine (Madaan et al., 2023) and constraint
decomposition approaches such as DECRIM (Fer-
raz et al., 2024), but its checks are external and
non-neural rather than model-judged. Huang et al.
(2024) report that LLMs struggle most with au-
tonomous error detection, which is the step we
delegate to fastText classifiers (Joulin et al., 2017,
2016) trained for language identification (Kargaran
et al., 2023; Burchell et al., 2023) and to determinis-
tic parsers. In machine translation, reranking an n-
best list with a quality-estimation model (Rei et al.,
2020; Fernandes et al., 2022; Freitag et al., 2022)
is the established way to recover from a bad sam-
ple; our single-candidate retry is a cheaper point on
that trade-off. Following the WMT25 MIST find-
ings (Kocmi et al., 2025) we treat chrF++ (Popović,
2017) as reportable but not decisive, given its weak
correlation with human judgment on low-resource
languages.

3 Data

We train on the sample release provided by the
shared-task organizers (Chen and WMT26 MIST
Organizers, 2026), whose per-language table sums
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Figure 1: Proposed shared-base configuration of SentinelQA (5.16B parameters; not evaluated end-to-end). The
fixed task lookup enables the adapter for qa-context and disables it for the other subtasks. The submitted
system instead used a separate full fine-tune alongside base (9.46B). Both designs use a target-language pin and
four verification checks, with conditional retry or repair (§4).

to the 23,919 rows we audited.
Its sources are TyDi QA (Clark et al., 2020),

BELEBELE (Bandarkar et al., 2024), MCIF (Papi
et al., 2025), the Aya dataset (Singh et al., 2024),
CrossSum (Bhattacharjee et al., 2023), WikiLingua
(Ladhak et al., 2020) and the WMT25 MIST OEG
submissions.

We first froze an evaluation split, sampling
min(100, ⌈0.15n⌉) items from each (language,
subtask) cell into a held-out set of 3,599 rows,
then made it read-only and hash-pinned. For
cells with no data at all — Yoruba qa-context,
for instance — we filled with teacher distil-
lation from Qwen3-235B-A22B-Instruct-
2507 for qa-oeg (2,043 rows), NLLB-200-3.3B
(NLLB Team et al., 2022) translation into six lan-
guages (747 rows) and native BELEBELE qa-
context for Bengali, Czech and Yoruba (264
rows). Augmented rows passed the same language
and degeneracy checks used at inference. The final
corpus is 23,117 rows.

Two properties of the data bear on the numbers
below. BELEBELE is parallel, so one passage ap-
pears in every language under a shared identifier;
we recovered identifiers for all 847 held-out BELE-
BELE rows and excluded from training every row
carrying one of the resulting 400 identifiers, which
removes 84% of otherwise-usable BELEBELE but
keeps held-out passages out of training. Separately,
48 held-out rows carry an English reference despite
a non-English target, all from the three languages
outside WikiLingua’s 18-language coverage; we

score them as a separate slice, so held-out results
below use the remaining n=3,551.

4 System

Routing. The router is a fixed lookup on the
task field with no learned component: qa-
context takes fine-tuned behaviour, qa-oeg
and sum-sum take base behaviour. Items are
copied verbatim from the corresponding stream,
so the routed submission is a deterministic recom-
bination of two systems we also submit separately.

The three subtasks rest on evidence of different
strength. qa-context (67.6% of the test set) is
decided by a large margin: token-F1 rises from
0.267 to 0.74 (§6.1). sum-sum (13.9%) is de-
cided by length: the fine-tuned models produce a
median of 92–134 words on prompts requesting
roughly 200, where base produces 210. For qa-
oeg (18.5%), post-verification compliance differs
by only 0.0025 (0.9806 base against 0.9781 fine-
tuned), and we have no reference-based accuracy
measure. Recorded test-generation diagnostics also
favor base (425 flagged outputs versus 562 for
Run B), but do not establish better answer qual-
ity. We routed it to base partly by analogy with
sum-sum; this remains the weakest decision. The
evidence included a 288-item test-prompt probe
and test-output diagnostics, not solely held-out re-
sults, and does not establish routing generalization
to a new test distribution.



Verification. Every generation is prefixed with
a target-language system pin (“Respond only in
⟨endonym⟩”) and checked on four axes.

Language uses dual fastText identification
with GlotLID v3 and OpenLID v3, returning
PASS/FAIL/UNSCORABLE and rejecting text only
when both models place it outside the accept set,
with short strings marked unscorable rather than
failed. Length uses a deterministic multilingual
parser for explicit word- and sentence-count con-
straints with script-aware counting; it fires on
85.6% of test prompts, covering 100% of qa-
context and sum-sum prompts and 22.1% of
qa-oeg prompts. Degeneracy uses n-gram repe-
tition detection. Artefacts checks for chat-template
markers and leaked language-pin text. Parser and
detector details are in Appendix A.

We summarise these outcomes as compliance.
The retained held-out tables pool check rates,
whereas the test analysis and bootstrap average
per-item scores; Appendix A defines these dis-
tinct aggregations. Compliance is reference-free,
so it can be computed on the test set, and it mea-
sures whether an output is well-formed rather than
whether it is correct.

A failed check triggers a temperature-0 retry
with a fixed correction appended; outputs still de-
generate afterwards are regenerated with a repe-
tition penalty, and under-length sum-sum drafts
get one edit-based expansion pass. In every case
the candidate replaces the original only if it passes
strictly more checks, or fixes the language without
breaking another axis.

Parameter budget. The submitted system holds
base and a separate full fine-tune, totaling 9.46B
with language identification (Table 1, left). A pro-
posed alternative enables Run C’s 65.6M adapter
against shared base weights for qa-context and
disables it otherwise, totaling 5.16B (right). This is
a calculated 45% parameter reduction, not a mea-
sured memory or speed gain. Run C was evaluated
with merged checkpoints; neither the unmerged
serving configuration nor a routed Run C submis-
sion was evaluated end-to-end. The available com-
parisons motivate LoRA as a candidate for future
deployment, but do not establish equivalence to
the submitted Run B system or identical generated
outputs. A deployment recommendation requires
serving validation and an end-to-end evaluation.

We count the fastText models throughout, since
they run at inference and are not negligible at

component as submitted proposed

gemma-3-4b-it (base) 4,365,656,432 4,365,656,432
second copy, merged FT 4,365,656,432 —
LoRA adapter — 65,576,960
GlotLID v3 418,934,528 418,934,528
OpenLID v3 307,181,056 307,181,056

total parameters 9,457,428,448 5,157,348,976

Table 1: Parameter accounting against the task’s 10B
limit. The left column describes the submitted con-
figuration; the right is a proposed shared-base LoRA
configuration, not an evaluated submission.

0.73B; under the adapter accounting they are the
second-largest component after the base model it-
self.

5 Experimental Setup

All training used a single NVIDIA A100-SXM4-
80GB with bfloat16, sequence length 4096
with packing, loss on assistant tokens only, effec-
tive batch size 64, three epochs, a cosine schedule
with 3% warmup and seed 20260801. We trained
three models (Table 2): Run A on the organizer
sample only, Run B on the full augmented corpus,
and Run C on the full corpus with LoRA (Hu et al.,
2022) (r=32, α=64, all attention and MLP projec-
tions, 65.6M trainable parameters, 1.50% of the
model). Run C’s adapters are merged into the base
weights at each checkpoint save for evaluation con-
venience, so all three runs are interchangeable un-
der the same inference code; §4 discusses the pro-
posed unmerged serving configuration. Inference
used vLLM (Kwon et al., 2023), with first-pass tem-
peratures 0.0 for qa-context, 0.3 for sum-sum
and 0.7 for qa-oeg. Runs B and C both start from
base, but differ in learning rate as well as tuning
method: full fine-tuning uses paged_adamw_-
8bit, while LoRA uses adamw_torch_fused
and adapter dropout 0.05. Their comparison there-
fore does not isolate the number of trainable param-
eters.

Checkpoints were selected by a rule fixed be-
fore any results existed: compliance plus qa-
context F1 on the native held-out slice, subject
to an English/German retention gate, with chrF++
reported but not decisive (computed with sacre-
BLEU, Post, 2018). Both full fine-tunes peaked at
epoch 2.

Comparisons use paired bootstrap resampling
(Koehn, 2004) with B=1000; the finest p-value
this resolves is 1/B.



Run A Run B Run C

data sample full full
rows 20,063 23,117 23,117
method full FT full FT LoRA
learning rate 1e-5 1e-5 1e-4
steps 141 159 159
final train loss — 1.759 1.784

Table 2: The three training recipes, differing in data
selection and optimization settings (§5). Run A’s final
loss was not recorded.

system compl. F1 chrF++ agg.

base 0.8073 0.2671 25.09 1.0744
Run A (e2) 0.8266 0.7462 45.17 1.5728
Run B (e2) 0.8238 0.7405 44.98 1.5643
Run C (e3) 0.8154 0.7499 45.39 1.5653

Table 3: Held-out results for the selected checkpoint of
each run; compliance pools check rates (Appendix A).
“agg.” is the unweighted sum of compliance and
qa-context F1; it has no independent interpretation
and is reported only because it was the pre-registered
selection rule.

6 Results

Held-out numbers use the native slice (n=3,551;
F1 over the n=1,454 qa-context items).

6.1 Held-out results

Table 3 gives the selected checkpoint of each run
against the base model. Fine-tuning raises qa-
context token-F1 from 0.267 to roughly 0.74
across all three runs. Since the gold spans have a
median of four words while the base model emits
a median of 30 on the same items, much of this
margin reflects acquisition of the expected output
format rather than improved comprehension. Com-
pliance varies much less; Run B is slightly ahead
of base under the pooled-check aggregation. Ap-
pendix B gives a per-language breakdown.

Against the base model, Run B gains +0.4743
F1 (95% CI [+0.4521,+0.4976], p < 1/B).1 The
available paired comparisons among fine-tuned
checkpoints do not resolve differences in compli-
ance or F1 on this single-seed evaluation; this is not
an equivalence test. Their compliance intervals use
per-item scores, not Table 3’s pooled-check score,
and therefore do not quantify uncertainty for that
table’s compliance gaps.

1Computed on Run B’s epoch-3 checkpoint; the submitted
epoch-2 checkpoint differs from base by +0.4734 on the same
measure.

Yoruba regression and partial recovery.
Yoruba compliance falls from 0.816 under base
to 0.675 under Run B and recovers to 0.754
under Run C (Appendix B). Repetition flags rise
from 23/78 to 55/78, then fall to 44/78. B-to-C
recovery is concentrated in summaries (25 to
12 repetition flags), while open-ended QA flags
increase from 30 to 32; recovery is not uniform
across tasks. This slice contains 45 qa-oeg
and 33 sum-sum items, with no qa-context
items, whereas all 88 added Yoruba examples
are qa-context. It therefore tests transfer to
other tasks, not performance on the augmented
task. Repeated article targets in the training
corpus plausibly encourage repetitive generation,
but the available evidence does not identify a
causal mechanism. Base-to-B also introduces
fine-tuning, and B-to-C changes the optimization
recipe; neither contrast isolates augmentation or
LoRA. A row audit additionally found two Yoruba
train/held-out input duplicates after normalization
and three held-out prompts with falsely parsed
length constraints. We retain the historical scores
and treat the regression as descriptive, pending
clean evaluation and per-language uncertainty
estimates.

6.2 Verification layer
The retained aggregate analysis compares the first
cleaned generation, before retry or repair, with the
shipped text on the full test set (Table 4). The three
single-model systems alter 8.6–9.9% of outputs
and add 2.4–2.8 compliance points; the routed sys-
tem, whose items are copied from those streams,
adds 2.2. Because the acceptance rule of §4 keeps a
replacement only when it passes more of the same
checks that compliance measures, these figures are
the yield of the intervention rather than an inde-
pendently identified effect. We have no systematic
paired human evaluation of the changed outputs, so
these gains do not demonstrate improved answer
quality.

Figure 2 shows where the yield arises in the
routed system: little on qa-context, which is
already near ceiling, and more on the two genera-
tion subtasks, where first-pass output is weakest.

6.3 Ablations
LoRA. Run C uses 1.50% of the trainable param-
eters with no resolved aggregate advantage over
full fine-tuning in the available paired comparisons.
Its sum-sum outputs are also short (24 words held-



system altered first shipped yield

Run B alone 9.9% 0.9436 0.9715 +0.0279
Run A alone 9.2% 0.9374 0.9626 +0.0252
base alone 8.6% 0.9512 0.9749 +0.0237
routed — 0.9554 0.9773 +0.0219

Table 4: Verification layer over all 12,775 test items.
“altered” is the share of outputs that did not ship as
first generated. “first” is after deterministic formatting
cleanup but before retries and repairs; scores average
per-item compliance. The routed row combines Run B’s
qa-context stream with base’s other two subtasks.
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Figure 2: Compliance before and after verification for
the routed system, following each subtask to the model
that serves it: +0.007 on qa-context (from Run B),
+0.037 on qa-oeg and +0.074 on sum-sum (both
from base).

out against 25 for Runs A and B, versus 185 for
base). This is consistent with adaptation to training
targets whose median is about 25 words, but does
not rule out other effects of either tuning recipe.

Language pin. A 288-item probe over both mod-
els shows the English pin helps despite being writ-
ten in a different language from the prompt: com-
pliance is 89.2% with it versus 86.9% without for
Run B, and 90.0% versus 85.0% for base, concen-
trated in sum-sum where base compliance falls
to 45.8% without it. This is a small-scale replica-
tion of the language-confusion effect documented
by Marchisio et al. (2024), who find that models
frequently generate in the wrong language and that
explicit instruction mitigates it.

Augmentation. The sample-only Run A and aug-
mented Run B show no resolved aggregate gain in
the available paired comparisons, despite Run B’s
additional teacher-distilled, translated and native-
BELEBELE data. This single-seed result does not
establish that augmentation is generally ineffective.
Yoruba’s regression above is a separate, language-
specific observation whose task mismatch prevents
a direct augmentation claim.

7 Limitations

Compliance measures whether outputs are well-
formed, not whether they are correct. Verification
yield is measured using the same checks that select
repairs, without paired human validation. The weak
qa-oeg routing evidence and untested shared-
base configuration further limit our deployment
conclusions. All runs used one training seed: boot-
strap intervals describe item-sampling uncertainty
conditional on those runs, not variation across re-
training. Both full fine-tunes peaked at epoch 2
and declined at epoch 3, showing checkpoint sensi-
tivity rather than establishing seed instability. The
recipe ordering and Yoruba pattern have unknown
sensitivity to training randomness.

The base held-out score 0.8073 and first-pass
test score 0.9512 differ by 14.39 points, but are
not the same estimand. Held-out scoring gives the
length pass rate (47/169, or 0.2781) one quarter of
the pooled score, even though only 4.7% of items
have a scored constraint; test scoring averages per-
item checks (Appendix A). Task proportions also
shift: qa-context rises from 41.0% to 67.6%
and sum-sum falls from 37.1% to 13.9%, while
parsed constraint coverage rises to 85.6%. Thus
more constraints need not lower the reported score.
Aggregation and distribution changes preclude at-
tributing the gap to model improvement; the re-
tained aggregates cannot isolate their individual
contributions or predict performance on a new test
set.

8 Conclusion

We submitted a routed system to WMT26 MIST:
fine-tuned and base behaviour under a fixed task
lookup with four verification checks. Our submit-
ted outputs used 9.46B parameters; the proposed
5.16B shared-base LoRA configuration remains
untested end-to-end.

Fine-tuning improves context-based QA substan-
tially through output-format acquisition. Verifica-
tion alters roughly 9% of outputs and adds 2.2 com-
pliance points as a yield of its acceptance rule, with-
out demonstrated answer-quality gains. The avail-
able single-seed comparisons show no resolved
aggregate benefit from augmentation or full fine-
tuning over LoRA. Yoruba’s regression and partial
recovery highlight the need for task-specific data
audits and uncertainty estimates before generaliz-
ing these observations.
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A Metric definitions

Checks and aggregation. For a nonempty out-
put on item i, let Li, Di and Ai indicate language
non-failure, non-degeneracy and absence of chat-
template artefacts. Unscorable language identifi-
cation counts as non-failure, not as a confirmed
language match or an omitted check. Let Ii indi-
cate a parsed, scorable length constraint and Hi

its binary outcome. The test analysis and held-out
bootstrap use

si =
Li +Di +Ai + IiHi

3 + Ii
, Citem =

1

n

∑︂
i

si,

with empty outputs assigned zero. An unavailable
length verdict omits that check. Constraint cover-
age therefore affects the effective weights.

The historical held-out ladder instead pools coun-
ters before averaging check rates. With at least one
scored length constraint,

Cpool =
1
4

(︃
L̄+ D̄ + Ā+

∑︁
i IiHi∑︁
i Ii

)︃
.

Without one, it averages the first three rates. Its im-
plementation counts empty outputs in n but skips
their checks, so they do not register as failures
in the first three rates, unlike the per-item score.
The native selected-checkpoint slices reported here
contain no empty outputs. Table 3 pools over
the entire native slice; Table 5 instead averages
language–task cell pooled scores weighted by cell
size. Its “all” entry is the global ladder score,
not a weighted mean of the displayed language
scores. These aggregations are not interchange-
able: base’s global score is (0.9932 + 0.9580 +
1 + 0.2781)/4 ≃ 0.8073. We preserve the his-
torical values and identify their definitions rather
than applying the per-item bootstrap intervals to
pooled scores. The selection aggregate remains
agg = Cpool + Fqa-context1 , the pre-specified se-
lection rule, not an independent quality measure.

Parser and repetition detector. The length
parser matches localized number and unit forms,
including Unicode digits and Yoruba postposed
numbers and a spelled-out hundred. It scopes
matching to an inferred instruction region; docu-
ment numbers can still be mistaken for constraints.
Ranges use their midpoint, approximate counts al-
low ±30%, and maximum constraints use an upper
bound. Missing or unscorable constraints are omit-
ted. Sentence counting counts terminal punctuation
characters, not syntactically parsed sentences; ab-
breviations and repeated punctuation can distort
it. Repetition detection flags an exact whitespace-
delimited 4-gram occurring at least four times; un-
spaced Chinese, Japanese and Thai text uses char-
acter 6-grams with the same threshold. Legitimate
recurring phrases can trigger this heuristic, and it
does not assess Yoruba tone-mark or orthographic
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correctness. These checks are proxies, not a sub-
stitute for human evaluation in low-resource lan-
guages.

B Per-language compliance

Table 5 gives compliance per language on the na-
tive held-out slice, aggregated over subtasks and
weighted by item count. We report held-out rather
than test figures because the per-item test artefacts
were not retained; the held-out set covers 27 lan-
guages, all but Bhojpuri of the 24 test languages.
Per-language confidence intervals were not com-
puted, and the per-item generations required to re-
construct them were not retained. The aggregates
do not support recovering paired intervals; these
language-level comparisons are descriptive.

lang n base B C lang n base B C

arb 214 0.916 0.909 0.845 mar 138 0.911 0.905 0.904
ben 77 0.747 0.750 0.750 pes 101 0.861 0.861 0.861
ces 7 1.000 1.000 0.964 por 161 0.881 0.901 0.906
ckb 45 1.000 1.000 1.000 rus 213 0.927 0.942 0.937
deu 152 0.850 0.977 0.967 slk 45 1.000 1.000 0.993
eng 157 0.970 0.959 0.941 spa 160 0.887 0.873 0.872
fin 45 0.744 0.750 0.750 swh 99 0.861 0.864 0.859
fra 158 0.888 0.876 0.878 tel 99 0.859 0.861 0.861
hat 45 0.985 0.993 0.993 tha 94 0.755 0.863 0.863
hin 168 0.808 0.838 0.857 tur 160 0.916 0.929 0.896
ind 213 0.878 0.873 0.872 vie 160 0.758 0.823 0.728
ita 153 0.994 0.975 0.957 yor 78 0.816 0.675 0.754
jpn 210 0.768 0.802 0.803 zho 199 0.802 0.857 0.865
kor 200 0.749 0.755 0.752 all 3551 0.807 0.824 0.815

Table 5: Compliance by language, native held-out slice,
selected checkpoints. Language scores weight pooled
task-cell scores by item count; “all” uses global pooling.
Run A is omitted for compactness; its Yoruba score is
0.761. No per-language confidence intervals are avail-
able.
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