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Abstract

We describe AdaptiveMT, our submission to
the English–Korean condition of the WMT26
General Machine Translation task (Kocmi et al.,
2026) in the unconstrained track. AdaptiveMT
is a language-general adaptive translation har-
ness with target-language-specific profiles; this
run uses the Korean profile. The system uses
a controller–executor–reducer agent harness.
For each document, the harness analyzes the
source, generates independent candidate trans-
lations from two heterogeneous models, com-
pares them with token-level and semantic diffs,
and synthesizes a final translation with a judge
model. Mandatory QA hooks and deterministic
Korean-specific guards run before finalization;
failures trigger bounded local repair. Multi-
modal documents use structured visual context
extracted from images or sampled video frames
before translation. We processed all 2,078 dis-
tributed blindset records under two Korean tar-
get tags; the subsequently released General MT
evaluation set contains 198 English-to-Korean
documents tagged kor_Hang. On this official
subset, the harness made 1,441 successful LLM
calls at an estimated list-price inference cost of
$12.03, and all 198 documents finished with
passing hooks. In blindset-wide diagnostics,
synthesis eliminated observed candidate-level
mechanical errors, and a GPT-5 judge preferred
the final output over a bare GPT-4.1 baseline
on 600 sampled documents (44.5% vs. 30.0%,
25.5% ties).

1 Introduction

Recent WMT General MT evaluations (Kocmi
et al., 2024) show that strong LLMs translate well
when prompted directly, yet single-pass prompting
still leaves document-level failure modes: dropped
or merged lines, untranslated source fragments, bro-
ken placeholders and markup, register mismatches
in dialogue, and instruction violations on samples
with explicit constraints. These errors are individu-
ally rare but recur across a large blindset, and many

are easier to expose when an independent model is
asked to compare or verify the output.

Our WMT26 submission, AdaptiveMT,1 there-
fore treats translation as a bounded agent harness
rather than a single call. The design borrows three
ideas from recent agent harnesses for software en-
gineering: (i) a typed state object that all steps read
and write, (ii) a fixed action vocabulary whose pre-
conditions are enforced by a normalizer rather than
trusted to the model, and (iii) forced verification
hooks that stand between the agent and the FIN-
ISH action. Within this frame, translation quality
comes from post-decoding soft fusion: two hetero-
geneous candidate models translate independently,
their outputs are compared by token-level and se-
mantic diffs, and a judge model synthesizes the
final translation from diff-localized evidence, with
the option to reject both candidates and translate
directly from the source where both are awkward.

We participated in the English→Korean condi-
tion only. At submission time, we processed all
2,078 records carrying either of the two Korean
target tags in the distributed blindset. The subse-
quently released General MT evaluation subset con-
tains 198 kor_Hang documents, including 174 with
image or video context. Section 2 positions the de-
sign against prior work, Section 3 describes the
harness, Section 4 the Korean target-language pro-
file, Section 5 the submission run, and Section 6
what we learned.

2 Related Work

LLMs for (document-level) MT. General-
purpose LLMs are now competitive with or bet-
ter than dedicated MT systems for many high-
resource pairs (Hendy et al., 2023; Vilar et al.,
2023), and recent WMT General MT findings
confirm that LLM-based systems dominate the
top ranks while document-level and instruction-

1Code: https://github.com/8pril/adaptivemt

https://github.com/8pril/adaptivemt
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following errors persist (Kocmi et al., 2023, 2024).
Wang et al. (2023) show that prompting LLMs
with full documents improves discourse phenom-
ena over sentence-level translation; our harness
also translates whole documents, but adds struc-
tural analysis and hook-based verification.

LLM-as-a-judge and quality estimation.
LLMs are strong reference-free evaluators of
translation quality (Kocmi and Federmann, 2023)
and are widely used as pairwise or scalar judges
(Zheng et al., 2023). We use a judge model not
to score candidates but to synthesize from them,
conditioned on explicit token-level and semantic
diff evidence; our QA hooks are a second, targeted
use of LLM judging with a deterministic guard
layer that can overrule the judge.

Self-refinement and agentic inference. Iterative
self-correction (Madaan et al., 2023; Shinn et al.,
2023) and tool-using agent loops (Yao et al., 2023)
improve LLM output quality at inference time, and
structured agent–computer interfaces are central to
software-engineering agents such as SWE-agent
(Yang et al., 2024). Translation-specific multi-step
strategies include MAPS (He et al., 2024), which
elicits translation-relevant knowledge before trans-
lating, and multi-agent pipelines for literary trans-
lation (Wu et al., 2024). Our harness differs in that
the loop is bounded and normalized: the action vo-
cabulary is fixed, action preconditions are enforced
in code, revision is budgeted, and finalization is
guarded by forced hooks rather than left to the
agent’s judgment.

System combination. Combining multiple MT
systems predates LLMs, from confusion-network
combination (Rosti et al., 2007) to MBR and
quality-aware decoding with neural metrics (Fre-
itag et al., 2022; Fernandes et al., 2022). Our post-
decoding soft fusion is a text-level analogue: in-
stead of ensembling token probabilities or select-
ing a whole candidate, a judge model composes the
final translation from diff-localized evidence over
two heterogeneous candidates and may retranslate
parts where both fail.

3 System Architecture

3.1 Harness loop

Each document sample is wrapped in an
AgentState containing the source document, the
sample-level instruction, sample-supplied format

constraints, deterministically extracted format-
safety constraints, and accumulating artifacts (mul-
timodal context, structured source analysis, can-
didates, diffs, the final translation, repair patches,
hook results, a full event log, and LLM-call logs).
The harness then loops:

while not finished and budget remains:
action = select(state)
obs = execute(action, state)
state = reduce(state, action, obs)
force_hooks_if_needed(state)

Figure 1 shows the per-document execution flow
of the submitted configuration. Its core action se-
quence uses EXTRACTMULTIMODALCONTEXT,
ANALYZESOURCE, GENERATECANDIDATE, DIF-
FCANDIDATES, SYNTHESIZEFINAL, CHECKALL

(a combined run of four QA hooks), REVISEFI-
NAL, and FINISH. The fixed action vocabulary
also contains optional research, terminology, and
fact-checking actions. When enabled, these actions
retrieve external evidence, construct an evidence-
backed terminology table, and extract factual con-
straints before candidate generation; their artifacts
are stored in AgentState and made available to
downstream translation steps. All were disabled
for the submission and are omitted from the fig-
ure. A normalizer validates every proposed action
against the state: FINISH is rejected until a final
translation exists and all required hooks have run,
SYNTHESIZEFINAL is rejected before at least two
candidates and a diff exist, and disabled or repeated
actions fall back to a deterministic next step.

The action selector supports three modes.
always implements a bounded agent: the LLM
controller selects every next action from the fixed
vocabulary, subject to the normalizer and manda-
tory finalization hooks. minimal is partially agen-
tic, consulting the controller only for ambiguous
repair decisions after a hook failure. never imple-
ments a deterministic agentic workflow in which
the state-based fallback_action() policy selects
every action. All three modes share the same ex-
ecutor, reducer, normalizer, and forced hooks. The
submission used never for repeatability and cost
control, and is therefore a deterministic agentic
workflow rather than an autonomous agent.

3.2 Source analysis

ANALYZESOURCE asks an analysis model to con-
vert the sample into structured JSON: explicit con-
straints (hard rules, format, style, preserve/omit
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document sample → AgentState

EXTRACTMULTIMODALCONTEXT
images / sampled video frames

ANALYZESOURCE
constraints, inferred context, entities, register

GENERATECANDIDATE ×k
independent models; submitted: GPT-4.1 ∥ GPT-5-mini

DIFFCANDIDATES
token diff; semantic diff when candidates differ

identical?

SYNTHESIZEFINAL (judge)
span-level fusion; may retranslate

CHECKALL: 4 QA hooks
+ deterministic format/Korean guards

pass?

FINISH → {doc_id, tgt_lang, hypothesis}

REVISEFINAL
local patches,
budget ≤ 2

no

yes

yes

no budget exhausted

Figure 1: The submission-time AdaptiveMT flow for
one document. Solid boxes are actions of the determinis-
tic policy used for the submission; the dashed box runs
only for documents with multimodal input. When the
two cleaned candidates are byte-identical, judge synthe-
sis is skipped and the shared translation goes directly to
validation. Failed hooks trigger at most two local-repair
passes; when the repair budget is exhausted, the docu-
ment finishes best-effort (dashed edge).

lists) derived from the sample instruction and for-
mat constraints; an inferred context with likely do-
main and genre, a confidence level, and supporting
evidence; a discourse summary and outline; an en-
tity map; coreference notes; and tone/register. Ex-
plicit sample instructions always take precedence
over inferred context. This avoids relying on hand-
written genre heuristics, which would not gener-
alize across the blindset’s mix of literary prose,
social-media posts, subtitles, and technical strings.

3.3 Candidate generation and diff-based
synthesis

Two candidate models translate the full document
independently, conditioned on the source analy-
sis, format-safety constraints, derived style require-
ments, and any multimodal context. When the
cleaned candidates differ, DIFFCANDIDATES pro-
duces two artifacts:

• a localized token-level diff, obtained by de-

terministically aligning the cleaned outputs
with a custom tokenizer over markup tags,
printf placeholders, Hangul spans, Latin to-
kens, whitespace, and symbols, then grouping
adjacent token insertions, deletions, and re-
placements with surrounding context; and

• a structured semantic diff produced by the
judge from the source, instructions, contex-
tual artifacts, both candidates, and the token
diff. It records meaning and coverage diver-
gences, terminology, fact, style, and format
risks, together with a preferred rendering and
rationale for each disputed span.

SYNTHESIZEFINAL gives the judge model both
candidates and both diffs and asks for a single fi-
nal translation. The judge may take diff-localized
portions from either candidate or ignore both and
translate a part directly from the source when both
candidates are wrong. This is post-decoding, text-
level soft fusion: no token probabilities are ensem-
bled at decoding time. When the two cleaned candi-
dates are byte-identical, the harness uses the shared
translation as its initial final output and skips the
semantic diff and the synthesis call. Across the
full 2,078-record processing run, this shortcut fired
on 234 documents (11.3%), concentrated in short
dialogue lines. Four of these translations were sub-
sequently changed by the hook-and-repair stage.
None of the 198 documents in the official evalua-
tion subset had identical candidates.

Figure 2 illustrates the span-level fusion process
with an example from the full processing run.

3.4 Validation hooks and bounded repair

Before the harness may finish, four hooks must
run: instruction following, glossary compliance,
format preservation, and completeness (no dropped,
merged, or hallucinated lines). The default CHECK-
ALL action evaluates all four in one checker-model
call. Hook results are then post-processed by deter-
ministic guards (Section 4) that can flip a hook to
failed regardless of the LLM’s verdict.

On failure, REVISEFINAL proposes local re-
pair patches, which are span replacements tar-
geted at the reported issues. Each proposed span
replacement is applied once; patches that cannot
be matched exactly are delegated to a constrained
patch-applier model. The revised translation is then
checked again. Repair is budgeted (up to two revi-
sions per document in the submission run); when
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Source A glob of sap hits the %s!

Candidate A GPT-4.1

수액 덩어리가 그 %s에 맞았다!

Candidate B GPT-5-mini

송진 덩어리가 %s를 강타했다!

Localized token-level diff
Replacement 1 수액↔ 송진

Replacement 2 그 %s에 맞았다↔ %s를 강타했다

Shared context: [replacement] 덩어리가 [replacement]!

Structured semantic diff
“sap”: prefer A’s 수액; B’s 송진 over-specifies pine resin.
“hits the %s”: prefer B’s active 강타했다
to A’s passive 맞았다.
Placeholder: prefer B’s direct, format-safe %s attachment.
Overall: A’s faithful sap rendering +
B’s predicate and placeholder handling.

DIFFCANDIDATES

SYNTHESIZEFINAL

Synthesized final 수액 덩어리가 %s를 강타했다!

Figure 2: Span-level synthesis, abridged and reformatted from a recorded trace. The diffs favor A’s faithful rendering
of sap and B’s predicate and placeholder handling. The resulting translation matches neither candidate and was
accepted without repair (bold = from A; underlined = from B).

the budget is exhausted the harness finishes best-
effort rather than looping. Across the full process-
ing run, 45 documents (2.2%) went through repair:
42 with one revision and 3 with two. Within the
official 198-document subset, three documents re-
ceived one revision each and all converged to pass-
ing hooks. The sole best-effort finish with a failing
hook occurred outside that subset.

3.5 Multimodal context extraction

The official 198-document evaluation subset in-
cludes 174 documents carrying an image (social-
media screenshots) or a video file (dialogue clips).
For these, EXTRACTMULTIMODALCONTEXT runs
before any translation step: images are sent di-
rectly to a vision model; videos are sampled into at
most six frames with ffmpeg, with the frame count
scaled to clip duration. The extractor returns a
visual-only structured context, including scene, par-
ticipants, on-screen text, and register cues, which is
injected into candidate, synthesis, hook, and repair
prompts. The extractor is explicitly forbidden from
inventing translation rules; it only reports what is
visible, and the translation prompts use it to resolve
deixis, speaker relationships, tone, and ambiguous
referents. Media context also drives derived style
requirements: video-sourced samples are treated as
spoken dialogue and steered toward natural collo-
quial Korean endings (-야/-어/-지/-네) rather than

literary register (-다/-습니다), unless the speaker’s
register indicates otherwise. In the submitted imple-
mentation, translation prompts carry the sample’s
main instruction verbatim; the separate multimodal-
instruction field is used only by the keyword heuris-
tic that derives style requirements. This was suffi-
cient for the WMT26 blindset: across all 174 mul-
timodal documents, the two instruction fields are
near-duplicates, and the only unique content in the
multimodal instruction is the video-speech cue that
the heuristic converts into register requirements.
For future multilingual and multimodal settings,
we would pass both fields verbatim.

4 Target-Language Profile: Korean

The harness loop, action set, hooks, and synthe-
sis logic of Section 3 are language-agnostic; ev-
erything specific to a target language, including
deterministic guards, register steering, and script
checks, is isolated in a target-language profile. Sup-
porting a new language pair means writing a new
profile, not a new harness. This mirrors the sepa-
ration that software-engineering agent harnesses
draw between a generic agent loop and pluggable,
domain-specific extensions. The submitted system
instantiates the Korean profile.

LLM-based hooks occasionally miss mechanical
failures, so the profile layers cheap deterministic
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checks on top:

Format safety. Printf placeholders (%s, %d, . . . )
are extracted from the source before translation
and must be preserved exactly, in count and order.
Notation and separator symbols between word char-
acters (ˆ, |, ->, . . . ) are likewise protected unless
the sample instruction says to rewrite them.

Hangul-ratio guard. For Korean targets, a trans-
lation of a non-trivial source that contains almost
no Hangul, or vastly more Latin than Hangul text,
is flagged as untranslated. A near-identity check
(normalized similarity > 0.82 against the source)
catches copy-through failures.

Untranslated-Latin-token guard. Latin source
tokens that survive verbatim into the Korean out-
put are flagged unless they are format-safe (URLs,
handles, hashtags, markup, acronyms, code-like to-
kens) or the sample instruction explicitly licenses
preservation. In the submitted system this exemp-
tion applied at the sample level: any sample licens-
ing foreign-word preservation was skipped whole-
sale (later refined; see Section 6). Such an instruc-
tion occurs in 133 official-set documents. Flagged
tokens are appended to the instruction-following
hook as failures, forcing a repair pass that must
translate, transliterate, or justify each token.

These guards convert the most common silent
LLM failure modes, including copy-through, par-
tial translation, and placeholder corruption, into
visible hook failures with a targeted repair path.

5 Submission

Evaluation scope. The mixed General MT/test-
suite blindset contained 1,880 ko_KR and 198
kor_Hang records.2 Because the official English–
Korean tag was unspecified, we processed both; the
subsequent release identifies kor_Hang as the 198-
document evaluation subset. We report it separately
from the 2,078-record full run.

Configuration. We submitted to the uncon-
strained English→Korean condition. The run used
deterministic control (never mode), two candi-
dates (GPT-4.1 and GPT-5-mini), GPT-4.1 for se-
mantic diffing, synthesis, and repair patching, Up-
stage Solar-Pro3 for source analysis and combined
QA, and GPT-4.1 vision for multimodal extraction,

2Organizer clarification: https://groups.google.com/
g/wmt-tasks/c/zLmAgJGU2UU. Released task data: https:
//github.com/wmt-conference/wmt26-general-mt.

with at most 12 loop steps and up to two revisions
per document.

For reproducibility, GPT-4.1 calls left
temperature and top_p unset, using the
Responses API defaults of 1.0 for both. During
batched candidate generation, GPT-5-mini’s
reasoning effort was explicitly set to low after early
batches had used the provider default (medium at
the time).3 The OpenAI API calls used the aliases
gpt-4.1 and gpt-5-mini. For reference, OpenAI
lists the dated versions gpt-4.1-2025-04-14
and gpt-5-mini-2025-08-07, respectively.4

Upstage reports Solar-Pro3 as a mixture-of-experts
model with 102B total parameters and 12B active
parameters per token.5 OpenAI does not disclose
parameter counts for GPT-4.1 or GPT-5-mini.

Run statistics. Table 1 separates the official eval-
uation subset from the broader processing run. Ev-
ery processed record received exactly one output
row with a non-empty hypothesis. The harness logs
a full per-document trace (every action event, LLM
call, and intermediate artifact); statistics retain the
last trace record per document after resumed runs,
which is the source of every statistic in this section
and supports the error analysis in Section 6.

Results. WMT26 did not release preliminary au-
tomatic scores. At camera-ready preparation time,
finalized official human rankings were unavailable,
so we report no official shared-task results. The
task and its human evaluation are described in the
shared-task findings paper (Kocmi et al., 2026).

Blindset-wide stage audit. The released Ko-
rean documents contain no reference translations,
so a reference-based quality ablation is not pos-
sible. To isolate the contributions of synthesis
and repair, we instead reconstructed intermedi-
ate outputs from the trace and applied three de-
terministic checks with unambiguous pass/fail se-
mantics: printf-placeholder preservation, structure
alignment under the official checker criterion, and
non-empty output. Table 2 compares the bare base-
line, both independent candidates, the first post-
synthesis translation before repair, and the final full-

3Low effort was used for 142/215 official-subset and
1,686/2,113 full-run GPT-5-mini candidate calls; the remain-
der used the then-default medium effort.

4OpenAI model pages: https://developers.
openai.com/api/docs/models/gpt-4.1 and
https://developers.openai.com/api/docs/models/
gpt-5-mini.

5https://www.upstage.ai/blog/en/
solar-pro-3-0323

https://groups.google.com/g/wmt-tasks/c/zLmAgJGU2UU
https://groups.google.com/g/wmt-tasks/c/zLmAgJGU2UU
https://github.com/wmt-conference/wmt26-general-mt
https://github.com/wmt-conference/wmt26-general-mt
https://developers.openai.com/api/docs/models/gpt-4.1
https://developers.openai.com/api/docs/models/gpt-4.1
https://developers.openai.com/api/docs/models/gpt-5-mini
https://developers.openai.com/api/docs/models/gpt-5-mini
https://www.upstage.ai/blog/en/solar-pro-3-0323
https://www.upstage.ai/blog/en/solar-pro-3-0323
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Official Full run

Documents 198 2,078
multimodal 174 174

Successful LLM calls 1,441 12,828
per document 7.3 6.2

Latency (s), median 68.2 26.4
P90 145.5 53.4

Tokens, input 3.90M 15.6M
output 1.32M 5.7M

Cost (USD, est.), harness $12.03 $46.78
per document $0.061 $0.023
bare baseline $0.61 $1.17
harness/baseline 19.7× 40.1×

Identical shortcuts 0 234 (11.3%)
Documents repaired 3 (1.5%) 45 (2.2%)
Failing-hook finishes 0 1

Table 1: Run statistics. API-attempt counts including
retries were 1,616 (official) and 13,003 (full). Costs use
September 2026 list prices; harness usage was recorded
and baseline content-token counts were reconstructed
(Section 6). Latency sums sequential action durations.
The sole failing hook was a guard false positive outside
the official subset.

Stage Placeh. Struct. Empty Hook fail.

Bare GPT-4.1 5 0 0 –
GPT-4.1 candidate 6 0 1 –
GPT-5-mini candidate 2 4 1 –
Post-synthesis 0 0 0 45
Final output 0 0 0 1

Table 2: Stage-wise diagnostic over all 2,078 processed
records. The first three numeric columns count mechan-
ical output errors; counts may overlap. Structure mis-
match follows the official alignment-checker criterion
(top-level element counts for JSON documents and <p>
counts for HTML documents; other document types are
not covered). Hook failures are defined only after syn-
thesis and repair.

run output. It also reports the number of records
with at least one failing mandatory hook at the two
stages where hooks are defined. The audit covers all
2,078 records in the broader processing run rather
than only the 198 official documents.

All candidate-level mechanical errors disappear
immediately after synthesis. The two models did
not break the same placeholder in the same record,
so the judge selected compliant renderings from the
diff evidence. Synthesis also recovered from one
empty candidate from each model and prevented
GPT-5-mini’s four JSON/HTML mismatches, one
of which overlaps with its empty candidate, from
propagating. Repair reduced records with failing
hooks from 45 to one (and from three to zero on
the official subset). Thus the audit attributes the
observed mechanical gains to synthesis, while re-

pair’s measured contribution is the resolution of
hook failures in 44 records. Because the hooks are
part of the system rather than independent qual-
ity judgments, neither result by itself establishes
overall translation quality.

What synthesis does. Because two-candidate
provenance is undefined when either candidate is
empty, the two records described above are ex-
cluded from this analysis. Comparing the remain-
ing 2,076 records against the stored candidates
shows the judge does not simply default to one
model: the final translation equals both stored can-
didates in 230 cases (11.1%), only the GPT-4.1
candidate in 516 (24.9%), only the GPT-5-mini
candidate in 979 (47.2%), is a span-level mix or
light edit of the closer candidate in 339 (16.3%;
SequenceMatcher ratio ≥ 0.6, median 0.93 among
these records), and is substantially rewritten in the
remaining 12 (0.6%). The first count is four lower
than the 234 identical-candidate shortcuts in Ta-
ble 1 because four shared translations were changed
during subsequent hook-driven repair.

Blindset-wide pairwise quality comparison. To
add a quality signal on top of the mechanical au-
dit, we ran a pairwise LLM-judge comparison be-
tween the bare GPT-4.1 baseline and the full-run
output on a random sample of 600 of the 1,871
records where the two systems produced differ-
ent strings (sampled with a fixed-seed script). The
judge used the gpt-5 API alias with low reason-
ing effort; OpenAI lists its corresponding snap-
shot as gpt-5-2025-08-07.6 GPT-5 was not used
anywhere in the submitted pipeline (the submis-
sion judge was GPT-4.1). It saw the sample’s full
instruction (including the multimodal instruction
where present), the source, and both translations.
Position bias is controlled by judging each docu-
ment twice with the order swapped; a system wins
only if it wins both orders, otherwise the docu-
ment is a tie. The full-run output was preferred on
267 documents (44.5%), the bare baseline on 180
(30.0%), with 153 ties (25.5%); a two-sided sign
test over the 447 decisive pairs gives p < 10−4.
As with the mechanical audit, this comparison cov-
ers the broader processed blindset rather than only
the subsequently identified official subset. Inspect-
ing the baseline’s wins shows they are dominated
by fine-grained stylistic preferences on short game

6https://developers.openai.com/api/docs/
models/gpt-5

https://developers.openai.com/api/docs/models/gpt-5
https://developers.openai.com/api/docs/models/gpt-5
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strings rather than systematic defects in the full-
run output. Latin retention does not explain the
losses in aggregate: guard-flag rates are essentially
equal in the two win groups, and documents with
retained proper nouns concentrate in ties. How-
ever, Latin retention is the salient difference in 10
of the 180 losses, where the full-run output kept
source-language names or phrases that the baseline
transliterated or translated; this is consistent with
the sample-level exemption in effect at submission
time, later replaced by the token-level guard (Sec-
tion 6).

6 Discussion

Strengths. The diff-based synthesis step is most
valuable when the two candidates disagree mean-
ingfully: disagreement localizes exactly the spans
where at least one model is wrong, and the judge ad-
judicates with both renderings visible. Conversely,
in the full processing run, 234 records (11.3%)
had byte-identical candidates and needed no judge,
although four were subsequently modified by hook-
driven repair and the shortcut did not occur in
the official 198-document subset. Heterogeneous-
model agreement is a cheap confidence signal that
we exploit to skip work.

Failure modes. In the broader processing run,
one ko_KR record outside the official subset fin-
ished with a failing hook that turned out to be a
guard false positive: the source described a military
launcher whose model designation M202A1 was
correctly preserved in the Korean output, but the
untranslated-Latin-token guard’s format-safe pat-
terns did not cover alphanumeric designations with
alternating letters and digits, and the repair model
correctly kept the designation unchanged. The out-
put was fine; the guard was wrong. More generally,
under a bounded revision budget, a disagreement
between a deterministic guard and the repair model
cannot be resolved within the loop and surfaces as
a best-effort finish.

Post-submission guard changes. Error analysis
after submission led to two guard changes. First,
the format-safe pattern was widened to cover al-
phanumeric model designations such as M202A1,
removing the false positive above. Second, we
found the guard too permissive on samples whose
instructions allow foreign words to be kept un-
changed: the exemption applied at the sample level,
so transcript interjections and sound-effect-like to-

kens (e.g., MM, Oh) could also remain untrans-
lated. The guard is now token-level: exact preserva-
tion of proper names and foreign words is honored
only where the sample instruction licenses it, while
interjection-like Latin tokens are still checked by
the guard. The preservation check also reads the
multimodal instruction in addition to the main in-
struction. These changes postdate the submission:
the outputs and every number reported in this paper
reflect the pre-change run.

Cost. We estimated inference cost from the
uncached-input, cached-input, and output-token
usage recorded for every successful LLM call in
the trace. At the providers’ published per-million-
token list prices, the official 198-document subset
cost $12.03 ($0.061 per document) and the full
2,078-record processing run cost $46.78 ($0.023
per record).7 The estimate uses token usage from
successful responses; failed retry attempts reported
no usage. It excludes the post-hoc bare baseline
and pairwise evaluation, taxes, account credits, and
volume or batch discounts. For comparison, we re-
constructed the post-hoc bare GPT-4.1 baseline’s
cost from its exact prompts and saved outputs be-
cause its runner did not retain API usage. Applying
the uncached GPT-4.1 rates gives approximately
$0.61 ($0.0031 per document) on the official sub-
set and $1.17 ($0.00056 per record) on the full run.
These estimates assume one successful call per
record and exclude message-framing tokens and
any unrecorded retries. The harness therefore cost
approximately 19.7× the bare baseline on the offi-
cial subset and 40.1× over the full run. The larger
full-run ratio reflects the 1,880 additional, predom-
inantly short non-multimodal records, for which a
single-call baseline is especially inexpensive.

Latency. We measured end-to-end per-document
latency as the sum of the sequential action-event
durations retained in the trace. Median and P90
latency were 68.2 and 145.5 seconds on the offi-
cial subset, and 26.4 and 53.4 seconds over the full
processing run.8 The bare baseline runner did not

7Per-model costs (official/full run): $10.94/$41.95 for
GPT-4.1, $0.85/$3.56 for GPT-5-mini, and $0.24/$1.26
for Solar-Pro3. Uncached-input/cached-input/output rates:
$2.00/$0.50/$8.00 for GPT-4.1, $0.25/$0.025/$2.00 for
GPT-5-mini, and $0.15/$0.015/$0.60 for Solar-Pro3. Pub-
lished pricing, accessed September 2026. GPT-4.1: https:
//openai.com/index/gpt-4-1/. GPT-5-mini: https://
developers.openai.com/api/docs/models/gpt-5-mini.
Solar-Pro3: https://www.upstage.ai/pricing/api.

8We compute P90 by the nearest-rank method: after sorting
n observations, select the observation at rank ⌈0.9n⌉.

https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://developers.openai.com/api/docs/models/gpt-5-mini
https://developers.openai.com/api/docs/models/gpt-5-mini
https://www.upstage.ai/pricing/api
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retain timing data, so we cannot report a directly
observed baseline increase. As a same-run single-
call proxy, the GPT-4.1 candidate-generation call
had median latency of 7.80 seconds on the official
subset and 2.76 seconds over the full run. The me-
dian per-document ratio of harness latency to this
proxy was 8.54× and 8.93×, respectively. These
are deployment-level observations that include net-
work latency, provider load, retries, and local mul-
timodal preprocessing; they do not isolate model
inference time and should not be interpreted as
hardware-independent speed measurements. The
submitted harness executed actions sequentially, so
parallel candidate generation could reduce latency
without changing the pipeline logic.

7 Conclusion

We described AdaptiveMT, a stateful controller–
executor–reducer harness for the WMT26 General
MT English–Korean condition. The system com-
bines document-level candidate generation, diff-
based synthesis over heterogeneous models, nor-
malized action selection, forced QA hooks, and
Korean-specific deterministic guards. On the offi-
cial 198-document evaluation subset, the system
made 1,441 successful LLM calls, repaired three
documents, and finished every document with pass-
ing hooks. In our broader blindset-wide diagnostic,
synthesis eliminated the mechanical output errors
present in the single-model outputs, and repair re-
solved the hook failures in 44 of 45 affected records
(Table 2). Finally, swappable target-language pro-
files separate Korean-specific behavior from the
core harness.

Limitations

While the harness itself is language-agnostic and
language-specific behavior is isolated in a target-
language profile (Section 4), only the Korean pro-
file has been implemented and tuned; the porta-
bility claim is a design property that has not yet
been demonstrated empirically on another language
pair. All component models are closed commercial
LLMs accessed through APIs; stochastic decoding
means that reruns may not reproduce identical out-
puts. We report no reference-based quality ablation
because the released Korean documents contained
no reference translations. The blindset-wide stage
audit (Section 5) isolates synthesis and repair only
through mechanical failure proxies and internal
hook outcomes. That audit and the pairwise com-

parison cover the broader 2,078-record processing
run rather than a separately resampled official sub-
set; the latter also relies on an LLM judge that
shares a provider family with the candidate mod-
els and cannot see the multimodal inputs. Without
finalized official human results at camera-ready
time, the reported comparisons should be read as
post-hoc diagnostics rather than official shared-task
results or a complete evaluation of translation qual-
ity.
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