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Abstract

We describe the system Dubformer entered in
the WMT26 General MT shared task, an un-
constrained system built on our video-dubbing
pipeline. It rests on two commitments. A doc-
ument is never translated as raw text: it is first
decomposed into a structure chosen for its do-
main — scenes carrying speaker and audio-
visual context for spoken dialogue, markup-
masked segments for web documents, value-
only segments for localization resources —
so that non-linguistic material is protected by
construction and everything needed for consis-
tency is in front of the model at once. And no
translation is taken on trust: every segment is
checked by a second model from a different
family for hallucination and for drift from the
meaning of the source, and a segment it rejects
is re-translated with the reason attached rather
than filled in from a fallback.

1 Introduction

The system has two paths. Spoken dialogue is
translated by our video-dubbing pipeline, driven
directly; its central commitment is that a spoken-
dialogue document is translated from the video
rather than from a transcript of it. Web docu-
ments, social posts and localization resources need
none of that machinery, so for them we built a
thin harness of our own, shaped by what running
that pipeline had taught us: protect structure by
construction, and check every translation before it
ships.

The task setup follows the previous edition of
the shared task (Kocmi et al., 2025). §2 states what
the two paths share and where they diverge. This
report describes the design and the reasoning be-
hind it. It reports no results on the shared-task test
set; where it appeals to evidence, that evidence is
internal and is marked as such.
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2 What the domains share, and where
they differ

Two things are common to both paths (Figure 1).
No part of a document is translated in isolation: a
short document goes to the model whole, a scene
of a longer one carries the document’s context and
its neighbours. Translating a document as a whole
rather than sentence by sentence is known to help,
and to leave critical errors that context alone does
not remove (Karpinska and Iyyer, 2023) — which
is what the second property is for. And every
line is written by the model from the source,
never edited from a machine-translated draft, then
checked by an independent auditor whose rejec-
tions are re-translated rather than replaced from a
fallback (§5).

What differs is how a document is prepared for
that call: how it is cut into segments that can be re-
assembled afterwards, what context accompanies
them, and which instruction the model is given.
Spoken dialogue is cut into scenes over a tran-
script we produce ourselves — a clip is usually
short enough to be one scene — carrying speaker
identity, per-speaker gender and a note taken from
the video and its audio; the prompt is the dubbing
engine’s own, plus a per-target directive fixing lan-
guage variety, script and region (§3). In the other
three domains the instruction shipped with each
blindset row is authoritative and reaches the model
verbatim on top of a fixed base translator prompt;
web documents and social posts are cut into text
segments with inline markup masked, social posts
also carrying screenshots of the page, and localiza-
tion resources into translatable values only, their
keys exposed as context but never translated (§4).
Domains are not labeled in the blindset, so the path
is recovered from marker phrases in each row’s
instruction. Table 1 lists the model used at each
stage.
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rejected segments, re-translated with the reason
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—> submission

audit
hallucination,
meaning drift

spoken dialogue only: transcript with speakers and gen-
der, note from video and audio, document-level context

Figure 1: The pipeline is the same for every domain; what changes is how a document is cut into segments and, for
spoken dialogue only, the extra context assembled before translation. A rejected segment goes back through the

same translation call rather than to any fallback.

Stage Model

transcription Scribe v2

speakers ECAPA-TDNN clustering
gender SVM over the same embeddings

Gemini 3.1 Pro
Claude Opus 4.8
Claude Sonnet 4.6
Claude Sonnet 4.6
Gemini 3.1 Pro

note from video and audio
document context

scene translation
document translation
audit

Table 1: Models by stage: everything above document
translation is the spoken-dialogue path. The audit runs
the same model on both paths, configured more strictly
for speech. The strongest model goes on document-
level context, which every later stage inherits. Speaker
embeddings are ECAPA-TDNN (Desplanques et al.,
2020) as packaged by SpeechBrain (Ravanelli et al.,
2021); the gender head is an SVM we trained on Vox-
Celebl (Nagrani et al., 2017).

3 Spoken dialogue

The video is the input. We transcribe the video
ourselves rather than take the transcript shipped
with the blindset. Recognition stays with a ded-
icated ASR system: the multimodal model that
later reads the scene is used to catch where a tran-
script is wrong, never to produce it. The transcrip-
tion is then ours to control, which matters most for
timing: speaker segmentation and the per-speaker
gender attribution derived from the audio are com-
puted against those timings, and several of our tar-
get languages need gender to get agreement right
— a known difficulty when the source language
does not mark it, and one where the audio car-
ries information the transcript does not (Bentivogli
et al., 2020).

Disfluencies are removed at translation time,
not at transcription time. Transcription runs in
verbatim mode — our ASR has a flag that strips
filled pauses, repetitions and false starts, and we
deliberately leave it off. The disfluency policy is
expressed instead as instructions to the translator,

which drops them while keeping genuine interjec-
tions, since those carry attitude the dialogue would
lose. The principle is to separate what was heard
from what gets written: the transcript remains a
faithful record of the audio, and the cleanup be-
comes a translation decision made with the sur-
rounding context available, rather than a transcrip-
tion setting applied blindly at the word level.

What the picture and the audio add. Before
translation, a multimodal model both watches and
listens to each scene and produces a note about
it: the setting, who is on screen and their ap-
parent gender, the tone, register cues, and per-
caption notes wherever the recording resolves
something the text leaves open — deixis, an ad-
dressee, whether a line is sarcastic. Hearing the au-
dio and not only the transcript, it also flags where
the two disagree, so a recognition error can be cor-
rected rather than translated. The translator is told
to prefer these notes over the text wherever they
disagree about gender, address or deixis, which is
what makes the video the source rather than an
illustration of it. Video-guided translation is an
established line of work (Sulubacak et al., 2020),
and the visual signal has been shown to pay off
precisely where the textual input is impoverished
(Caglayan et al., 2019) — the condition an auto-
matic transcript creates. In our internal evaluations
on comparable material, adding the audio-visual
note gave a statistically significant improvement.

Document context before scenes. A document-
level pass first extracts what a translator needs to
stay consistent across scenes: a summary, the cast
with gender and forms of address, and terminol-
ogy, so a character is named and characterized the
same way throughout. The pass earns its place on
long material; here the clips run under a minute,
about one scene for our splitter, so it mostly acts as
an explicit reasoning step before any line is trans-
lated.
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Written from scratch, not post-edited. Every
line is generated by the model from the source it-
self — for spoken dialogue, from the source text,
the video and the language-variety directive, and
nothing else. The engine can instead show the
model a machine-translated draft to post-edit, a
mode effective in its own right (Raunak et al.,
2023); that path is disabled for every target, includ-
ing the lower-resource ones where it is normally
offered. In our experience a baseline anchors the
model to someone else’s phrasing and narrows the
range of renderings it will consider. We observed
this on high-resource pairs only; the path is dis-
abled everywhere for consistency, not because we
measured its effect on the lower-resource ones.

4 Web, social and software documents

A web page or a resource file is a handful of para-
graphs or interface strings, and the three domains
share one thin harness. Its per-domain parameters
are the decomposition and, for two of them, one
extra input each: a framing line for software, the
page screenshots for social.

One call per document. The whole document is
translated in a single call whose input and output
are index-keyed lists of segments. That call is the
document-context pass: the model sees every sib-
ling segment at once, so it can hold terminology,
register and named entities together, and index-
ing keeps the output re-insertable into the original
structure. The decomposition is supplied as a pair:
a gate deciding whether a candidate preserved the
document’s structure, and a renderer producing the
plain text the auditor compares. A domain is a de-
composition, not a fork of the pipeline.

Mask markup; expose placeholders. The two
decompositions make opposite choices, and the
contrast is the point. For marked-up documents,
inline tags are replaced by opaque markers before
the model sees the text: it places a marker and
never sees a URL or an attribute value in the text
it is given (a screenshot, where one is attached,
is a separate channel), and the gate requires the
marker multiset to survive and to remain well
nested. For localization resource files, placehold-
ers such as {{count}?} are left literal: their names
are exactly the context the model needs for the
text around them — whether a value is numeric,
whether two placeholders are a pair wrapping a
link, what an ambiguous short label refers to. The

test is whether the hidden material carries infor-
mation the surrounding translation depends on: a
URL does not, a placeholder name does. The guar-
antee is the same one obtained differently — the
gate requires the placeholder multiset to survive,
and a document-level check re-verifies it after re-
insertion. The principle we would carry forward:
mask what the model must not read, expose what
it must reason about, and in both cases enforce
structure by conservation rather than by trust.

5 Gating: audit, corrective retry, no
fallback

An independent auditor. Every translation is
compared to its source by a second model, in
the manner of reference-free LLM error detection
(Kocmi and Federmann, 2023), but used as a gate
rather than as a metric. It flags material factual
divergence — flipped polarity, altered numbers
or entities, dropped qualifiers, invented claims,
swapped roles — while leaving idiomatic rephras-
ing and register shifts alone. The auditor is deliber-
ately from a different provider than the translator.
In our internal evaluations of automatic judging,
models scored generations from their own family
above others’, so an auditor drawn from the trans-
lator’s family risks certifying its blind spots; the
same self-preference effect is reported in the litera-
ture (Panickssery et al., 2024). That independence
has one hole we did not close: the note taken from
the video comes from the auditor’s own model,
and the auditor is told to treat it as ground truth
about the scene, so where a note is wrong the trans-
lation follows it and the audit is the last place that
would catch it.

Audit reliability depends on how much it judges
at once. The same auditor model misses errors
in a long list of segment pairs that it catches in a
short one. We chose the batch size empirically on
our internal test sets, as the setting with the best
recall; the explanation we assume — that attention
dilutes across the batch — is an interpretation. We
accept the cost in latency and calls.

The retry is surgical and corrective. A rejected
segment is re-translated on its own, through the
same call and under the same instruction, with ac-
cepted segments left untouched; only the refilled
ones are re-audited. In the speech path the whole
scene is re-sent with it, so its context is unchanged.
Crucially, the retry is not blind: the auditor’s stated
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reason travels back into the prompt for that seg-
ment, together with an instruction that for it, fi-
delity to the source outranks the document’s own
terminology list. In one case, automatic terminol-
ogy extraction had normalized a character’s name
to another used elsewhere in the document; the au-
ditor flagged it, a blind retry reproduced the error
exactly, and only the corrective retry fixed it.

No MT fallback. The engine can fill an unre-
solved segment from a generic third-party MT sys-
tem; here it is disabled everywhere. The reason
is fluency. In our experience generic MT output
is markedly less fluent than the model-generated
text around it, and in dialogue the damage is worse
than an average would suggest: a single flat, lit-
eral line between lines that read like speech is
more conspicuous than the same line would be
in a uniformly machine-translated document. We
would rather degrade to a worse translation than
to a different kind of text. What replaces the fall-
back differs between the paths: an unresolved seg-
ment fails the document in spoken dialogue, which
is then re-run — nothing reached that point in
this run — while in the document domains the
last structurally valid output ships, flagged for a
later re-attempt. Both keep every document in the
submission, and because the audit was configured
more strictly for speech, its rejection rate is not
comparable across paths.
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