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Abstract

We introduce a text-only system that trans-
lates Chinese video subtitles into English us-
ing two open-weight models under a 20B-
parameter budget. It is our submission to
the constrained track of the WMT 2026 video
subtitle translation shared task (WMT26 Or-
ganizers, 2026), whose rules set that budget.
A 7B translation-specialized model generates
English candidates, while a quantized 12B
instruction-tuned model selects candidates and
checks the selected translation for a small
set of subtitle-specific accuracy errors. Con-
firmed errors are converted into focused cor-
rection instructions and returned to the transla-
tion model for guided retranslation. The sys-
tem also preserves SubRip subtitle (SRT) in-
dices and timestamps and applies deterministic
name-consistency and line-layout processing.

We evaluate the main components through two
internal studies scored by an independent large
language model (LLM) judge. A synthetic-
error experiment shows that the instruction-
tuned model is better suited to the critic role
than the translation model in our configura-
tion, especially because it produces fewer false
alarms on clean translations. An end-to-end
ablation shows that contextual prompting pro-
vides the largest improvement over a context-
free translator baseline; under a paired sign test
it is the only component gain we can establish.
The system placed third of eight in the official
preliminary English evaluation at 74.705, 0.55
points behind second place. Those results are
system-level and do not isolate individual com-
ponents, but they localize the remaining gap to
critical accuracy errors, the largest identified
category of which is pronoun and referent con-
fusion, which is what the critic was built to
detect. This is consistent with the critic’s lim-
ited context window and single-model candi-
date pool. Reference translations were never
released to participants, so no reference-based
metric is computable on this test set.

1 Introduction

Video subtitle translation differs from conven-
tional sentence-level machine translation (MT) in
several important ways. Subtitle cues are short, of-
ten omit punctuation, and frequently contain only
part of an utterance. A cue may therefore be diffi-
cult to translate correctly without information from
neighboring cues, the series synopsis, or previ-
ously established character names.

These problems are especially visible in
Chinese-to-English translation.  Chinese is a
pro-drop language in which subject and object
pronouns are frequently omitted, particularly in
conversational genres, while English translations
often require them to be recovered explicitly
(Wang et al., 2023); cross-sentence context is
therefore necessary rather than merely useful
(Voita et al., 2019). Pronoun gender may need to
be inferred from context, terms of address may
encode social rank (IRf}, roughly “Your High-
ness”; 5 I, “Your Majesty”) and rank-indexed
self-reference (4<E, used by a ranking consort;
JB%, the imperial “we”), and short expressions can
have different interpretations depending on the
speaker and scene. Character names must also
remain consistent across an episode.

The provided test set makes this contextual de-
pendence clear. It contains 41,837 cues across 100
SubRip subtitle (SRT) files. The median cue con-
tains six Chinese characters, and 42.5% of cues
contain five characters or fewer. None of the
cues ends in terminal punctuation. As a result,
punctuation-based sentence reconstruction is not
available, and many cues must be interpreted as
fragments of a longer exchange.

Providing context to a large language model is
straightforward: neighboring cues and metadata
can be included in the prompt. However, this in-
troduces a second problem. The model may trans-
late content from neighboring cues or merge sur-
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rounding information into the target line. We refer
to this behavior as context leakage. The system
must therefore use context for interpretation while
ensuring that only the target cue is translated.

Our system addresses this problem with
a translator—critic pipeline. A translation-
specialized model produces candidate translations
using the source cue, neighboring cues, and
series metadata. A separate instruction-tuned
model selects among the candidates and audits
the result using eight focused accuracy checks.
When an error is confirmed, the translation model
receives a short instruction naming the problem
and produces new candidates.

The system is implemented with three main de-
sign choices, which together form our contribu-
tion:

1. Context is presented as read-only back-
ground information. Only the current cue
appears in the translation field.

2. Translation and criticism use different
model families. The translation-specialized
model generates source-based translations,
while the instruction-tuned model performs
selection and post-editing.

3. Auditing is decomposed by error type.
Each critic call checks one narrowly defined
defect, followed by a second verification step
before repair.

In this paper we focus on the submitted pipeline,
its implementation under the constraints described
above, controlled internal comparisons of its main
components, and the official preliminary task re-
sults (§7).!

2 Related Work

Document-level and context-aware MT. The
observation that sentence isolation is the wrong
unit for translation predates LLM pipelines. Tiede-
mann and Scherrer (2017) extend the translation
window across sentence boundaries, and Voita
et al. (2019) show that a translation can be cor-
rect in isolation and wrong in context, precisely
the failure mode that dominates short subtitle cues.
Pronoun recovery under Chinese pro-drop has
been treated as its own problem (Hardmeier, 2015;
Wang et al., 2023). Our context construction (§4.3)

'The system described here is our constrained-track
zh—en shared-task submission, entered under the team name
AuditTranslate.

is a deliberately minimal instance of this line of
work: a fixed symmetric window of neighboring
source cues plus album-level metadata, with no
learned context selection.

Recent work replaces a fixed window with an
agent that accumulates document state. Wang et al.
(2025) maintain multi-level memory across a doc-
ument for online document-level translation, and
Ren et al. (2026) internalize document context
into model parameters dynamically rather than re-
reading it in the prompt. Both maintain learned or
parametric document state where we keep a fixed
window plus a name memory, and subtitle cues
give them less to work with than prose: no cue in
the corpus ends in terminal punctuation, so there
is no reliable sentence or paragraph segmentation
(§3). A document-state agent operating over a
whole episode is the most promising direction we
did not take.

Multi-agent and MQM-guided refinement.
Assigning generation and criticism to different
agents is an established pattern. Madaan et al.
(2023) keep both roles in one model; Wu et al.
(2025) distribute translation, evaluation, and re-
vision across a collaborating group for ultra-long
literary text. Error-typed feedback in particular
has been shown to be more useful than a scalar
score: Fernandes et al. (2023) elicit MQM-style
error spans from an LLM rather than a single
quality number, following the human MQM
protocol of Freitag et al. (2021). Our critic is
a restricted version of this idea. It does not
produce a free-form MQM annotation; it answers
eight fixed yes/no questions (§4.5), each in its
own call, and a confirmed error is converted
into a correction hint rather than an edit. The
distinguishing choice is not the use of typed
feedback but where repair happens: the translator
generates new source-conditioned candidates and
the critic selects among them, making limited
English-side edits at most (§4.6), which resembles
source-aware automatic post-editing (Chatterjee
et al., 2020) rather than free rewriting.

Quality-aware decoding. Our candidate-and-
selection stage (§4.4) occupies the same position in
the pipeline as minimum Bayes risk decoding with
neural metrics (Freitag et al., 2022) and quality-
aware decoding with learned rerankers (Fernandes
et al., 2022), which select from a candidate pool
using a trained quality model. Our selector is an
instruction-tuned LLM given the source, the can-
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Value

100/41,837
41/279.5/2,188
6/11

Property

Files / cues
Cues per file: min / median / max
Chinese chars per cue: median / p90

Cues with at most five characters 42.5%
Cues ending in terminal punct. 0
Cues with sentence punctuation 4
Single-line cues 99.67%
Cue duration: median / p90 1.28s/2.36s
Episodes with a synopsis 100/ 100
Distinct series 45

Table 1: Summary of the released Chinese subtitle cor-
pus. Every figure is recomputed from the released files.

didates and context, so it is a prompted reranker
rather than a learned one. We did not compare
against these methods.

3 Task and Data

The released test set contains 100 SRT files from
45 series. Each file includes subtitle cues and
album-level metadata, including a title and synop-
sis. We use the Chinese subtitle text, series title,
synopsis, and neighboring subtitle cues. We do not
use video frames or audio. Table 1 summarizes the
corpus.

The corpus covers several genres. Of the 100
episodes, 43 are xianxia or cultivation fantasy, 24
are palace or costume dramas, 16 are reality, vari-
ety, or talk programs, nine are modern urban dra-
mas, and eight belong to other categories. Genre
labels were assigned by hand over all 45 series
from the released album_title and album_desc
fields.

Genre affects the translation problem. Period
and fantasy dramas contain rank-sensitive forms of
address and specialized terminology, while mod-
ern and variety programs rely more heavily on
conversational phrasing and real personal names.
We therefore avoid assuming that one terminology
mechanism will benefit every file equally.

Development procedure. No task-specific ref-
erence translations were available. During devel-
opment, we inspected six files and used qualitative
model reports to identify recurring errors and re-
fine the pipeline. These files were not used for the
quantitative studies reported below.

The critic experiment samples examples from
84 non-development files. The end-to-end ab-
lation uses 14 non-development files selected to
cover the main genre groups. We report the two
studies separately because they answer different
questions: the first evaluates critic behavior on

controlled errors, while the second evaluates com-
plete translation outputs.

4 System Description

This section describes the submitted system. We
first state the two model checkpoints and the pa-
rameter budget they have to fit into (§4.1), then
follow a single cue through the pipeline in the or-
der the stages run (§4.2—§4.7), and close with how
the models are served (§4.8).

4.1 Models and parameter budget

The system uses two open-weight checkpoints:
Hy-MT2-7B (Zheng et al., 2026; Tencent Hun-
yuan, 2026), a translation-specialized model; and
Gemma-4-12B-it (Google, 2026), an instruction-
tuned general-purpose model, used in its 4-bit in-
teger quantization-aware training (INT4 QAT) re-
lease.

Both models are used at their released revisions
without fine-tuning, adapters, tokenizer modifica-
tions, or chat-template changes. Following the
checkpoints’ tied-embedding configuration, the
total parameter count is approximately 19.47B:
7.505B for Hy-MT2 and 11.960B for Gemma.
This remains under the constrained track’s 20B
limit.

Hy-MT?2 generates all initial and hint-guided
translations. Gemma selects and post-edits transla-
tion candidates, performs rule-specific audits, and
consolidates repairs. Gemma is not used as a stan-
dalone source-to-target translation system.

We use the quantized Gemma release because it
runs within the 24 GB of memory available on our
graphics processing unit (GPU) instances. Each
model is served on a separate endpoint with one
GPU.

4.2 Pipeline overview

Each SRT file passes through seven stages:

1. parse the SRT and construct contextual infor-
mation;

generate up to three translation candidates;
select the best candidate;

audit the selected translation;

verify detected errors;

generate and select repairs when needed;
apply deterministic consistency and layout
processing.

Nonk WD
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Cues can be translated concurrently because
source-side neighboring cues are available before
inference. Whole-file consistency processing is ap-
plied after cue-level translation. All prompts are
reproduced in Appendix A.

4.3 Context construction

For cue i, the system uses up to two preceding and
two following Chinese cues, together with the se-
ries title and synopsis. Neighboring cues are pro-
vided as background information and are explicitly
marked as context that should not be translated.

Only the current source cue is placed in the
translation field. This separation is intended to
let the model resolve omitted subjects, pronouns,
sentence mood, and short ambiguous expressions
without encouraging it to translate surrounding
lines.

4.4 Candidate generation

Hy-MT?2 generates up to three candidates for each
cue. The first draw uses temperature 0.7. The sec-
ond and third draws use higher temperatures, 0.95
and 1.0, with top-p=0.95 and top-k=40.

The higher temperatures are used because short
subtitle cues often produce identical outputs under
repeated low-temperature sampling. Candidates
are deduplicated exactly. In the production run,
43.97% of cues still produced only one distinct can-
didate.

If multiple distinct candidates are available,
Gemma receives the current Chinese cue, neigh-
boring Chinese context, series metadata, the candi-
date translations, and available character-name in-
formation. It returns a selected or minimally edited
English line. The selection prompt emphasizes ad-
equacy, name consistency, pronoun gender, regis-
ter, brevity, and avoidance of context leakage. If
only one distinct candidate is available, the selec-
tion stage is skipped.

4.5 Rule-specific audit

After selection, Gemma checks the translation for
eight error types, listed in Table 2. Each error
type is evaluated in a separate call. The categories
are a subtitle-specific decomposition of primar-
ily accuracy-related errors, inspired by Multidi-
mensional Quality Metrics (MQM) (Freitag et al.,
2021) rather than taken from it: several of the rules
are our own task-specific categories with no one-
to-one MQM equivalent. Each maps one-to-one
onto a repair hint, so that the rule that fires is also

Rule Purpose

Detects hallucination, omission, po-
larity errors, and major semantic dis-
tortion.

Checks whether an English pronoun
or subject matches the contextual ref-
erent.

Detects content copied or inferred
from neighboring cues but absent
from the target cue.

honorific_ Checks titles, ranked address, and so-
register_consistent cially marked self-reference.
sentence_mood_match Checks question, statement, and com-
mand distinctions.

Detects direction, agent, patient,
give/take, or come/go reversals.
person_ Checks first-, second-, and third-
attribution_correct person attribution and terms of ad-
dress.

Detects proper names introduced
where the source contains only a title,
role, or pronoun.

meaning_preserved

pronoun_gender_

resolved

no_context_leak

direction_agent_

correct

no_invented_name

Table 2: Error categories used by the critic. The exact
question asked for each is reproduced verbatim in Ta-
ble 7, and the repair hint each produces in §A.6.

what the translator is told when the line goes back
for retranslation.

The audit focuses on adequacy-related errors
rather than general fluency. Hy-MT2 normally
produces fluent English, while broad style instruc-
tions can encourage unnecessary rewriting.

Each audit call returns a Boolean decision and
a short explanation. A positive result is not imme-
diately used for repair. Instead, a second Gemma
call independently rechecks the same rule. This
verification prompt defaults to “no defect” and con-
firms a problem only when it can identify concrete
offending text.

This second stage is intended to reduce unneces-
sary repairs. A missed error leaves the translator’s
original output unchanged, while a false positive
may trigger a change to a line that was already ac-
ceptable.

4.6 Hint-guided repair

When one or more errors are confirmed, each rule
is mapped to a short correction instruction. For
example, a context-leak error produces an instruc-
tion to translate only the current cue; a pronoun er-
ror asks the translator to use the referent supported
by context; and a mood error asks it to preserve
whether the cue is a question, statement, or com-
mand.

These instructions are added to the Hy-MT2
translation prompt. The translator then generates
two new candidates. Gemma considers the orig-
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inal and new candidates and returns one consol-
idated line intended to address all confirmed de-
fects.

The repaired line is checked once more against
the confirmed rules.  Remaining issues are
recorded rather than repeatedly applying uncon-
strained repair.

4.7 Deterministic output processing

After cue-level translation, code performs three fi-
nal operations: a whole-file character-name consis-
tency pass; an English ordinal-title normalization,
such as changing “Prince Ninth” to “Ninth Prince”;
and line wrapping with a soft limit of 42 characters
per line and a hard limit of 84 characters per cue.
The system then reconstructs each SRT file
while preserving the original cue indices and times-
tamps. All 41,837 cues were processed without
missing subtitle entries, and the output files re-
tained the original indices and timing fields.

4.8 Serving and inference volume

Both models are served through vLLM (Kwon
et al., 2023) on Amazon SageMaker, with one
24 GB GPU per endpoint.

Over the production run Hy-MT2 was called ap-
proximately 130,000 times and Gemma approxi-
mately 366,000 times, the latter dominated by the
eight audit calls per cue. Appendix B gives the in-
stance types and the exact call breakdown.

The high-volume audit calls use deterministic
decoding with native reasoning disabled. Reason-
ing is enabled only for the lower-volume verifica-
tion and repair stages.

5 Critic Configuration

Two choices in the system above need evidence:
that the critic should be a different model from the
translator, and that the audit should be decomposed
into one call per rule and then gated by a skeptical
verification pass. This section measures both on
a controlled set of Chinese-to-English cases with
known labels, holding the task text fixed within
each configuration so that model identity is the
only variable in the 7B-versus-12B comparisons.

5.1 Controlled evaluation set

The evaluation set contains 600 Chinese-to-
English cases: 400 translations with injected er-
rors, 50 for each audit rule; and 200 unmodified
controls.

Configuration Recall Clean flag rate
7B, one combined call 49.5% 58.5%
7B, one call per rule 81.8% 77.5%
7B, per rule + verification 13.5% 2.5%
12B, one combined call 88.5% 12.0%
12B, combined + verification 84.0% 2.5%
12B, one call per rule 98.0% 12.5%
12B, per rule + verif.” 91.5% 3.5%

Table 3: Detection recall and clean-control flag rate on
the controlled critic set. Each row is one critic config-
uration run over the same 600 labeled cases; within a
configuration both models receive identical task text,
while prompt structure differs across configurations as
described in §5. Recall is rule-level over the 400 in-
jected errors: the correct rule had to fire. For the flag
rate, lower is better. *is the submitted configuration.

Injected errors are created through deterministic
English-side transformations. Examples include
flipping pronoun gender, inserting or removing
negation, reversing an agent and patient, changing
sentence mood, flattening an honorific, or insert-
ing content from a neighboring cue.

Eligibility filters are applied before each trans-
formation. For example, a pronoun is modified
only when the Chinese source provides evidence
about the referent, and an agent—patient reversal
is used only when the source supports the original
roles. Transformations that would make the En-
glish ungrammatical are excluded.

The resulting set tests detection of controlled er-
rors from the system’s target taxonomy. It does
not represent the full distribution of naturally oc-
curring translation errors.

5.2 Configurations

We compare one call containing the complete
rubric against one call per rule, with and without
skeptical verification. Seven of the eight resulting
configurations were run; the 7B combined rubric
with verification was not. Both models receive the
same task text at temperature zero. We report re-
call over the 400 injected errors, requiring the in-
tended rule to fire, and the clean-control flag rate
over the 200 unmodified examples. Results are
given in Table 3.

5.3 Results

In this setup, the instruction-tuned 12B is better
suited to criticism than the translation-specialized
7B. Without verification, the per-rule 12B configu-
ration detects 98.0% of injected errors and flags
12.5% of clean controls. The corresponding 7B
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setup detects 81.8% of injected errors but flags
77.5% of clean controls.

The main difference is therefore not only error
detection. The 12B is substantially more selective
on clean inputs. This matters because most produc-
tion translations are not repaired, and unnecessary
intervention can degrade an acceptable subtitle.

For the 12B, decomposing the rubric into sepa-
rate calls increases observed recall from 88.5% to
98.0%, while the clean-control flag rate remains
similar (12.0%—12.5%). Adding skeptical verifi-
cation reduces recall to 91.5% but lowers the clean-
control flag rate from 12.5% to 3.5%. We use this
configuration in the submitted system. Note that
verification is not a universal precision fix: ap-
plied to the 7B it collapses recall from 81.8% to
13.5%, because under a skeptical prompt the spe-
cialist clears most of its own initial flags.

The lowest-recall rule in the final setup is
honorific_register_consistent, at 70%. Hon-
orifics are difficult because their correct rendering
depends on genre, speaker status, and local dis-
course context.

These results should be interpreted as controlled
detection measurements. The errors are synthetic,
and the clean controls are sampled from system
output rather than independently human-verified
references.

6 End-to-End Evaluation

The second experiment asks whether the complete
pipeline translates better than the translation model
alone. We build four cumulative configurations
over the same held-out cues, score them with an
independent judge model, and then look separately
at the small subset of cues the critic actually edits.

6.1 Systems

We compare four cumulative configurations:

S1 Translator only. One Hy-MT2 draw without
neighboring or synopsis context.

S2 + Context. One Hy-MT2 draw with neigh-
boring cues and series metadata.

S3 + Candidate generation and selection.
Three Hy-MT2 draws followed by Gemma se-
lection.

S4 Full system. S3 followed by audit, verifi-
cation, guided repair, name consistency, and
layout processing.

S2 and the first draw of S3 use the same transla-
tion prompt, allowing S2—S3 to measure the com-
bined effect of additional candidates and external
selection.

The four outputs were generated for 4,563 cues
from 14 non-development files. A common subset
of 612 cues was scored across all four arms. The
critic-edited subset was also examined separately
because the critic changes only a small fraction of
all cues.

6.2 Judge

Neither pipeline model is used as the external
evaluator: Hy-MT?2 generates the candidates and
Gemma performs selection and repair, so scor-
ing with either would be a same-model evaluation,
in which a model tends to prefer its own output
(Wataoka et al., 2024). We therefore use a sepa-
rate, larger model, gpt-5.6-1una, with high rea-
soning effort; because the judge plays no part in
generating the submission, it is not bound by the
shared task’s parameter budget. Using a strong
language model as an MT evaluator is established
practice (Kocmi and Federmann, 2023), including
for fine-grained MQM-style error annotation (Fer-
nandes et al., 2023).

Each evaluation item contains the Chinese tar-
get cue, neighboring Chinese cues, and two
anonymized English renderings. System identities
are not shown. Candidate order is reversed in a sec-
ond evaluation so that each pair is judged in both
presentation orders. Identical translations are col-
lapsed to avoid presenting duplicated outputs as in-
dependent agreement.

The judge assigns three 0—100 scores (adequacy,
readability, and overall quality) and up to two
MQM-style errors per candidate (Zheng et al.,
2023). Following Freitag et al. (2021), minor and
major errors receive weights of 1 and 5; we addi-
tionally define a task-specific critical weight of 10
for meaning inversions.

This is a single-model evaluation. We use blind-
ing and order counterbalancing to reduce obvious
presentation bias, but the resulting values remain
model-based estimates rather than human judg-
ments.

6.3 Main results

The largest observed improvement comes from
adding series metadata and neighboring source
cues (Table 4). The overall score increases by 2.32
points from S1 to S2, while the MQM penalty falls
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System Overall Adeq. Read. MQM|
S1 translator only 87.18 87.47 92.93 1.63
S2 4 context 89.50 90.11 93.52 1.27
S3 + cand. & select 90.44  90.51 94.78 1.14
S4  full system 90.57 90.65 94.80 1.10

Table 4: Mean scores from the independent LLM judge
over the common evaluated sample of 612 cues. The
MQM error penalty column runs the other way: lower
is better. Paired transitions are reported separately in
Table 5.

Transition A 95% CI W/T/L P
S1—S2 +2.32 [+0.94, +3.68] 189/304/119 <0.001
S2—S3 +0.93 [4+0.06, +1.87] 128/349/135 0.71
S3—S4 +0.13 [-0.20, +0.41] 8/600/4 0.39
S1—S4 +3.39 [+2.04, +4.80] 223/227/162  0.002

Table 5: Paired analysis of each transition, measured
cue by cue between the indicated system pairs over the
612 cues judged in every arm. A is the mean change
in overall score. Confidence intervals are percentile
bootstrap intervals resampled over cues (4,000 resam-
ples); the cue is the sampling unit, so repeated judg-
ments of one cue are averaged before resampling rather
than treated as independent. W/T/L counts cues that im-
prove, tie, and worsen, and p is an exact two-sided sign
test on those counts with ties excluded. The sign test ig-
nores effect size and therefore asks a separate question
(whether more cues improve than worsen), and the two
questions disagree for S2—S3.

from 1.63 to 1.27. This supports the use of contex-
tual prompting for short, punctuation-free subtitle
fragments.

Candidate generation and selection add a further
0.93 points, and the complete system improves by
3.39 points over the context-free one-pass baseline
and by 1.07 points over the context-aware one-pass
baseline. As §6.4 shows, only the first and last of
these differences survive a paired test.

After reweighting the genre distribution to
match all 100 files, the overall scores are 87.82,
89.78, 90.62, and 90.70 for S1 through S4. The
corresponding full-system improvements are there-
fore 2.88 points over S1 and 0.92 points over S2.

These differences are point estimates from one
evaluator and should not be interpreted as cali-
brated human-quality units.

6.4 Statistical reliability

Table 5 reports paired bootstrap intervals and sign
tests for each transition. The four transitions do
not stand on equal evidence, and the ordering in Ta-
ble 4 should not be read as four established gains.
S1—S2 (context) is the one robust component

result: the interval excludes zero and 189 cues
improve against 119 that worsen (p < 0.001).
S1—S4 (the full system) is likewise robust (p =
0.002), and the evidence attributes most of it to
context. S2—S3 (candidates and selection) is not
established: the interval barely excludes zero, but
128 cues improve while 135 worsen (p = 0.71), so
the positive mean comes from effect size on a mi-
nority of cues rather than from broad improvement.
That transition is therefore suggestive rather than
demonstrated. S3—S4 (the critic) is indistinguish-
able from noise in aggregate (p = 0.39), which
is the expected consequence of a mechanism that
touches about 2% of cues rather than evidence that
it does nothing; §6.5 analyzes the treated cues di-
rectly.

These intervals quantify sampling variation over
cues for one evaluator, not evaluator bias, and are
computed on 612 cues from 14 files.

6.5 Effect of the critic

The aggregate S3—S4 difference is small because
the critic is deliberately conservative. It changes
approximately 2% of cues.

On the 94 cues where the critic changes the
translation, 70 receive a higher score, two are tied,
and 22 receive a lower score. Thus, 74.5% of all
changed cues improve according to the external
judge, or 76.1% when ties are excluded. The mean
overall change on this subset is +14.8 points.

The gain is concentrated in adequacy (417.2)
rather than readability (4-0.1). This is consistent
with the critic’s design. Its rules focus on mean-
ing, attribution, pronouns, context leakage, and
sentence mood rather than stylistic rewriting.

Two examples illustrate the type of correction.
WIIE H 15 (“still muttering to oneself”) was
initially translated as “muttering to herself’ and
changed to “muttering to himself,” based on a male
referent in the preceding context. FI{RLEHIZH
(“the matter concerning your sister”’) was initially
rendered as “Nothing to do with your sister” and
changed to “something about your sister,” correct-
ing a polarity error.

The critic is therefore best viewed as a targeted
correction mechanism rather than the main source
of the system’s average improvement. Most of the
aggregate gain comes from contextual translation
and candidate selection.
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7 Official Preliminary Results

Official preliminary results became available after
the internal evaluations (WMT26 Video Subtitle
Translation Organizers, 2026), and they supply the
independent evaluator our internal study lacked: a
different model family, a different rubric, and all
100 files rather than 14. They assess the submitted
system as a whole and do not isolate the contribu-
tion of any individual component, but they localize
where its remaining headroom is.

7.1 Protocol and standing

The  official  evaluation  scores  each
(team, language, video)  unit  with
gemini-3.1-pro-preview under a language-
specific translation-quality prompt, three inde-
pendent runs per video with the median taken,
followed by a human verification stage covering
93.4% of units across all five language pairs and
82.4% of the English units. Dimension scores are
recomputed in code from itemized defect penalties
on a 100-point deduction scale: Accuracy/Fidelity
40, Fluency/Readability 35, Cultural/Stylistic 20,
and Subtitle Text Conventions 5.

Our system scored 74.705 in English, placing
third of eight teams in the only direction we en-
tered (Table 6). The second-, third-, and fourth-
ranked systems are separated by adjacent gaps of
0.55 points, spanning 1.10 points overall. The gap
to ReopenAl is of a different order: —15.49 points,
with ReopenAl scoring higher on 92 of the 100
videos.

7.2 The gap is one dimension, at one severity,
on one phenomenon

Attributing the difference to ReopenAl by di-
mension gives +12.95 Accuracy/Fidelity, +1.57
Cultural/Stylistic, +1.33 Fluency/Readability and
—0.19 Conventions, summing to 15.66 against a
15.49-point score gap. Roughly five sixths of it
is Accuracy/Fidelity. Conventions is a five-point
band in which every leading system is near ceiling,
so the deterministic layout and name processing of
§4.7 had little room to matter either way.

Severity localizes the gap further. Counting Ac-
curacy defects by penalty weight, our minor-error
count is comparable to the winner’s (153 defects at
penalty 1 versus their 161), while critical severity-
5 defects differ by more than an order of magni-
tude: 233 versus 19, or 2.33 versus 0.19 per video.
The system is not broadly less accurate. It fails

Mean points lost per video

Team (English)  Score Acc. Flu. Cult. Conv.

/40 /35 /20 /5
ReopenAl 90.195 3.80 3.74 1.57 0.64
LensLinguals ~ 75.255 15.43 4.80 3.54 0.55
AuditTranslate 74.705 16.75 5.07 3.14 045
laniqo 74.155 17.22 4.80 3.52 0.32
rupiah 70.895 18.89 5.74 4.41  0.65
BVSLP 60.480 n/a n/a n/a n/a

55.645 n/a n/a n/a n/a
49.775 n/a n/a n/a n/a

paramanandaAl
SubVision

Table 6: Official preliminary English-track scores
(WMT26 Video Subtitle Translation Organizers, 2026),
with rubric-dimension attribution for the five leading
systems. Lower is better in the four right-hand columns.
Dimension means are computed from the itemized de-
fect penalties, clipped at each rubric maximum, over the
units with a parseable itemized assessment (98—100 per
team), while the headline score averages all 100; the
two are therefore close but not additive, so the dimen-
sion columns attribute where points are lost rather than
exactly decomposing the score gap.

badly on a small number of cues, which is also
consistent with the score distribution: our median
(75.75) is essentially LensLinguals’ (76.0), but our
10th percentile is 55.5 against their 64.0, and 14 of
our videos score below 60 against their 6. What
separates us from second place is the lower tail, not
the typical video.

Within those 233 severity-5 Accuracy defects,
the largest single category is pronoun, referent and
person confusion: 52 defects, 22.3% of the total,
costing 2.60 penalty points per video. This is a
heuristic count, obtained by keyword rules over the
judge’s free-text descriptions and subject to errors
in both directions; we did not hand-validate the 52
cases, and a 36.5% residual resists the classifica-
tion altogether.

Cross-cue reference resolution is therefore
where our remaining headroom is concentrated,
and it is also what the critic’s decomposed checks
were written for: pronoun_gender_resolved,
direction_agent_correct and
person_attribution_correct are three of the
eight rules in Table 2. That these errors reach the
final output is consistent with the audit’s evidence
being too local: the critic sees the same +2 cue
window as the translator, so a referent established
twenty cues earlier lies outside it, whereas Re-
openAl supplied the complete subtitle sequence
to both generation and selection. The candidate
pool may limit it the same way, since all three
candidates were drawn from Hy-MT2 alone and a
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selector cannot choose a rendering no candidate
contains. We cannot separate these explanations
from weak audit instructions, over-skeptical
verification or repair failure, and the comparison
with ReopenAl varies several factors at once; an
episode-level window and a two-model candidate
pool are the changes we would test first.

One further defect we would not have found
without the official records: on cues of three Chi-
nese characters or fewer, output is occasionally dis-
placed by one cue, carrying the following line’s
content. Measured directly in our submitted files,
this affects 83 cues across 46 videos. The judge
names the failure independently on a partly over-
lapping set, charging 33 defects across 27 videos
as a translation shift, worth 1.25 penalty points per
video. A source-to-target length-ratio check could
flag some such cases for review, though it would
not reliably catch all of them.

8 Discussion

The two experiments above measure what the
pipeline buys. This section explains why its main
mechanisms are built the way they are, covering
read-only context, criticism separated from transla-
tion, and repair routed back through the translator,
and what that design costs at inference time.

Why context is useful. A large fraction of the
corpus consists of very short fragments. In such
cases, the current cue may not explicitly identify
the speaker, the referent of an omitted subject, pro-
noun gender, whether the line continues a question
or command, or the intended interpretation of an
honorific or title.

The context-aware configuration improves ade-
quacy more than readability, suggesting that neigh-
boring information mainly helps determine what
the cue means rather than how fluent the English
sounds.

However, contextual prompting requires strict
source boundaries. Neighboring cues are therefore
placed in background fields, while only the current
cue is placed in the translation field (§4.3). The ex-
plicit no_context_leak rule provides an additional
check.

Why criticism is separated from translation.
Self-refinement (Madaan et al., 2023) asks one
model to critique and revise its own output, and is
the closest single-model analogue of what our se-
lection, audit and repair stages do. We separate the

roles instead. Hy-MT2 is specialized for transla-
tion, while Gemma is better at following structured
classification and verification instructions in our
controlled experiment. The two-model arrange-
ment uses these capabilities differently: Hy-MT2
generates source-grounded translation candidates;
Gemma compares candidates and detects specific
defects; and confirmed problems are returned to
Hy-MT?2 as focused guidance.

This arrangement also avoids asking the trans-
lation model to be the only evaluator of its own
output (Wataoka et al., 2024). It does not elimi-
nate evaluator bias, but it provides an independent
model family for selection and auditing.

Why repair is routed back through the trans-
lator. Early development tests showed that al-
lowing an editor to freely rewrite a line could in-
troduce unsupported content. We therefore use
the critic primarily to identify and describe errors.
New source-based candidates are then generated
by the translation model with a correction hint,
so the mechanism functionally resembles source-
aware automatic post-editing (Chatterjee et al.,
2020) rather than free rewriting.

The final selection stage can still make limited
English-side edits, so the separation is functional
rather than mechanically guaranteed. A stricter fu-
ture version could require the selector to return an
exact candidate index.

Cost and intervention rate. The audit is com-
putationally expensive because it applies eight
checks to every cue, while only a small fraction of
cues are repaired. This design prioritizes focused
detection and a low false-alarm rate over inference
efficiency.

The controlled experiment indicates that a single
combined audit call with verification is a cheaper
alternative, although it has lower synthetic-error re-
call than the per-rule configuration. A useful fu-
ture direction is to compare these configurations
directly on final translation quality and GPU cost.

In light of §7 we would now allocate this cost
differently. The eight-per-cue audit stage was the
largest single consumer of inference in the pipeline,
and each call reasoned over a £2 cue window too
narrow to see the cross-cue referents that dominate
our remaining accuracy gap. Spending part of the
same budget on full-episode context would let the
rules in Table 2 operate on the evidence they need:
size the evidence available to each stage before
scaling the number of checks it performs. The lim-
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itations of the system and of the evidence above
are collected in the Limitations section.

9 Conclusion

We presented a text-only Chinese-to-English subti-
tle translation system built from two open-weight
models under a 20B parameter limit. A translation-
specialized 7B model generates candidates, while
a quantized instruction-tuned 12B model performs
selection, targeted auditing, and limited post-
editing. Confirmed errors are routed back to the
translation model through focused retranslation
hints.

The internal ablation identifies contextual
prompting as the largest source of improvement.
Adding series metadata and neighboring cues
improves the external judge’s overall score by
2.32 points over a context-free translator, and
this is the one component gain that a paired
sign test establishes. Candidate generation and
selection add a further 0.93 points on average,
but roughly as many cues worsen as improve, so
we describe that transition as suggestive rather
than demonstrated. The complete system scores
3.39 points above the context-free baseline on the
common evaluated sample.

The official preliminary evaluation placed the
system third of eight in English at 74.705, 0.55
points behind second place and 15.49 behind the
winner. It assesses the system as a whole rather
than isolating components, but it localizes the re-
maining gap: most of it is Accuracy/Fidelity, most
of that is critical severity, and the largest category
we identify within it is pronoun and referent con-
fusion, which is what three of the eight audit rules
were written to catch.

The system’s main practical lesson is therefore
about what a critic needs rather than whether to
have one. Separating generation from criticism
supported targeted repairs, but it required substan-
tial inference (roughly 366,000 critic calls, dom-
inated by eight audit calls per cue), and it did not
eliminate harmful edits: 22 of the 94 cues the critic
changed scored lower. A critic can confirm only er-
rors it has the evidence to see, and can choose only
among renderings some candidate contains. Ours
was given a +2 cue window and a candidate pool
from one model; full-episode context and candi-
dates from both models are the changes we would
test first.

Limitations

LLM-based quality evaluation. Our compo-
nent ablations (§6) use a single independent LLM
judge on 612 cues from 14 files, with no bilin-
gual human annotation. Blinding and presentation-
order reversal reduce some sources of bias but do
not replace human evaluation, and a 14-file sam-
ple cannot resolve per-component differences of
the size we report. The official evaluation (§7)
covers all 100 files, but it is also LLM-based
and reference-free, includes no significance test-
ing, and its human stage verified automatic assess-
ments rather than annotating independently. It is
also system-level, so it cannot arbitrate between
components. All per-component attributions in
this paper therefore rest on a single judge and are
provisional.

Synthetic critic errors. The critic study uses
controlled English-side perturbations. These pro-
vide known target error categories, but they are
more regular than naturally occurring translation
errors. The clean controls are also sampled from
system output rather than human-verified refer-
ences.

Text-only input. The system does not use video
or audio. Visual and acoustic information could
help resolve speaker identity, gender, sentence
mood, and scene boundaries. The current system
relies only on subtitle text and metadata.

Genre prompting. Some selection and repair
prompts used a historical-drama editor role across
all files. This matches much of the corpus but is
not appropriate for every modern or variety pro-
gram. A genre-neutral or metadata-conditioned ed-
itor prompt would be preferable.

Ultra-short cues. Very short cues remain diffi-
cult. Of the 125 cues containing only & (“yes”),
approximately one quarter were expanded into six
or more English words, often because the model
used neighboring context too aggressively. A
source-to-target length guard or duration-aware
shortening stage could reduce such expansions.

Subtitle timing constraints. The system pre-
serves timestamps and applies line-length limits
(Karakanta et al., 2020), but it does not optimize
translations directly for reading speed based on cue
duration. Duration-aware generation or shortening
would provide stronger subtitle-specific control.
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No reference-based evaluation. Official task
scores are now included (§7), but reference-based
evaluation remains impossible on this test set:
the organizers never released reference transla-
tions to participants, and the official metric is it-
self a reference-free LLM assessment. We there-
fore report no BLEU (Papineni et al., 2002), chrF
(Popovi¢, 2015) or COMET (Rei et al., 2020)
score, and no correlation between our internal
judge and a human gold standard, because nei-
ther we nor any other participant can compute
them. Both evaluations in this paper are LLM-
based, from different model families and rubrics;
agreement between them is not evidence of agree-
ment with human translators.

No comparison to quality-aware decoding.
We do not compare our prompted selector against
minimum Bayes risk decoding (Freitag et al.,
2022) or learned quality-aware reranking (Fernan-
des et al., 2022) over the same candidate pool (§2).
This is the most substantial missing baseline in the

paper.

Critic recall is unmeasured. We measure critic
precision, on synthetic errors (§5) and on the
cues it edits (§6.5), but we never measured recall
against naturally occurring errors, which the offi-
cial defect records (§7) suggest is the more infor-
mative quantity for this system. The 233 severity-5
defects in those records form a labeled set on which
that recall could be measured directly, and it is the
evaluation we would run first on any revised ver-
sion of the critic.
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A Prompts

The main production prompt templates are repro-
duced below, in call order. Runtime substitutions
are shown as (italic slots). (bg) is the per-file back-
ground block: the series synopsis, the episode iden-
tifier, and any character-name spellings already
established in the file. Cue-specific context is
separate, and appears as (prev) and (next) below.
Blank lines present in the originals are elided for
space; nothing else is altered. The 12B calls re-
quest strict JavaScript Object Notation (JSON); the
Hy-MT?2 translation calls return plain English text.
Decoding: Stage 1 draw 1 at 7'=0.7, draws 23 at
T=0.95 and T=1.0 with top-p=0.95, top-k=40,
256 max tokens; all 12B calls at 7'=0, reasoning
mode off for select and the audit calls and on for
re-verify and repair, 512—1024 max tokens.

A.1 Stage 1: translate (7B)

In Hy-MT2’s own documented template, which
is written in Chinese. Only the target cue is in-
side [#EHIFCA] (“text to be translated”);
the neighbors live in [F5{5B] (“background
information”) as prose, which is the boundary-
preserving structure of §4.3. Line breaks below are

inserted to fit the column.
[HRER] (bg) X FHEE
AR — B, E3CR: [prev)],
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T3 Unext)lo. AEHFE [5#
AR X —a), AEREL
T, WAEE LT XXHMANEIFA
B3

WEAEERGEEE [FRIIFEA]
BHEA English, BHIFEHY XS 2™
A LEE B R i is
#] . HEELTFERHBEER
R RNEEAMERE
38R (source cue)

In English the prompt reads: “[Background in-
formation] (bg) This subtitle line is one frag-
ment of continuous dialogue; the preceding line is
[(prev)] and the following line is [(next)]. Trans-
late only the single line in [text to be translated]; do
not translate the surrounding context, and do not
merge the content of the context into the transla-
tion. Using the background information, translate
[text to be translated] into English, in a style that
strictly matches [concise, natural, readable screen
subtitles]. Note: output only the translated result,
with no additional explanation. [text to be trans-
lated] (source cue)”

The style slot is genre-neutral (“concise, natural,
readable screen subtitles™); register is carried by
the synopsis rather than a hardcoded genre claim.
The retranslate variant is this same prompt with
HERE: (“note:”) followed by (hint), inserted im-
mediately before [f5EHiFECA] , where (hint)
is the concatenation of the per-rule hints of §A.6
for the confirmed defects, most severe first.

A.2 Stage 2: select and minimally edit (12B)

You are the senior editor of English subtitles
for a Chinese historical costume drama. A
translation model produced several candidate
renderings of ONE subtitle line. Choose the
best rendering, and lightly edit it for:
consistency with established names, correct
pronoun gender, period-appropriate register,
and BREVITY (must fit on screen). Do NOT add
meaning not present in the candidates, and

do NOT pull in content from the surrounding
context lines --- they are only for your
understanding.

Background: (bg)

Established character-name spellings (keep
consistent): (names)

Preceding context (Chinese, do not translate):
[{prev)]

Following context (Chinese, do not translate):
[(next)]

TARGET line (Chinese): (source cue)

CANDIDATE English renderings:

1. (candidate 1) ..

Return ONLY JSON, reasoning first:
{"reasoning": "<brief>", "line": "<the
chosen/edited English line>", "new_names":
["<any English character names you committed
to>"]}

The register cue in the opening line is a fixed string

applied to every file, including the modern and va-
riety ones.

A.3 Stage 3: audit call wrapper (12B)

One call per rule; (defect question) is substituted
from Table 7.

Background: (bg)

You are auditing ONE English subtitle line
against its Chinese source, for a single
specific defect. Answer only about THIS
defect.

DEFECT TO CHECK: (defect question)

Preceding context (Chinese, for reference
only): [(prev)]

Following context (Chinese, for reference
only): [(next)]

SOURCE (Chinese): (source cue)

ENGLISH draft: (en)

Reason briefly, then answer. A CLEAN draft
is the common case --- only report a defect
if it is genuinely present. Return ONLY JSON,
reasoning first:

{"reasoning": "<brief; if defect, quote the
offending words>", "defect": true|false,
"inverts_meaning": true|false}

The field escalates
meaning_preserved from major to critical. A
ninth rule, the 84-character line ceiling, runs in
code and is trusted without re-verification.

inverts_meaning

A.4 Stage 3: skeptical re-verify (12B, system
prompt)

This is the verification pass whose effect §5 mea-

sures. It is deliberately asymmetric.

You are an independent senior reviewer of
English subtitles. A prior reviewer FLAGGED

a line; treat that as an accusation, not a
fact. Re-check the rule from scratch. DEFAULT
to "no defect'. Confirm a defect ONLY if you
can point to CONCRETE OFFENDING TEXT in the
draft that actually violates the rule. If you
cannot cite offending text, or the draft is

a legitimate rendering, the flag was a false
positive --- clear it. Return STRICT JSON
only, reasoning first: {"reasoning": "<one
sentence; if confirming, quote the offending
text>", "defect_confirmed": true|false}.

The user turn supplies RULE FLAGGED, the prior re-
viewer’s reason, the neighbor context, the source
and the draft, and closes with “Independently de-
cide whether a REAL defect exists.” The same
prompt re-verifies the repaired line after repair.
Onre-verify call failure the original flag is retained,
favoring error detection over avoidance of unnec-
essary repair.

A.5 Stage 4: consolidated repair (12B)

You are the senior editor of English subtitles
for a Chinese historical costume drama.

The current line has the defects listed

below, ranked most to least severe. Produce
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Rule key

(defect question), verbatim

meaning_preserved

pronoun_gender_resolved

no_context_leak
honorific_
register_consistent
sentence_mood_match

direction_agent_correct

person_

attribution_correct

no_invented_name

Does the English MISREPRESENT the source line — a hallucinated detail not in the source,
a dropped essential meaning, a negation flip, or a who-did-what-to-whom error? (Escalate to
a meaning INVERSION if the core claim is reversed.)

Chinese drops subjects and 4t/ i1/ & (‘he’/she’/‘it’, all pronounced 7d) sound alike. Given
the context, is the English subject/pronoun the WRONG gender or person for the referent it
must denote? (A subject/pronoun that English grammar requires but Chinese omitted is NOT
a defect if it matches the context.)

Does the English contain content that belongs to the NEIGHBOR cues (shown as context)
and is NOT in the target line itself?

Is an honorific/title rendered WRONGLY for the period register (e.g. royal ‘We’ flattened to
‘I’, or a rank title dropped/modernized)?

Does the English change the SENTENCE MOOD vs the source — turning a question into
a statement or a statement into a question, or flipping a command into a description? (The
source’s illocutionary force must survive.)

Is the DIRECTION or AGENT reversed — moved-here rendered as moved-there, give/take
swapped, or the doer and receiver of the action exchanged?

Is the wrong PERSON doing/saying it — a 3rd-person report (‘he will go...’) rendered as
Ist-person (‘I will go...”), or a vocative/address (‘Bro, ...”) rendered as a described subject
(‘his brother ...”)?

Does the English state a specific PERSON’S NAME (a romanized given/family name) that
is NOT present in the source cue — where the source used only a title, role, or pronoun (e.g.
Jifi ./ 45/ 4t/ it/ 2EAR: ‘Director Gu’, ‘my lord’, ‘he’, ‘she’, ‘boss’)? Rendering a title AS
a title is correct; INVENTING or substituting a proper name the source did not give is the
defect. (A name that IS in the source is fine.)

Table 7: The eight audit questions, verbatim. Each is asked in its own call inside the wrapper of Appendix A.

ONE corrected line that resolves ALL of
them with the MINIMAL English-side edit.
Prefer picking/assembling from the candidate
renderings; do NOT translate afresh from the
Chinese and do NOT add meaning not supported
by the source or candidates. Keep it concise
(fit on screen).
Background: (bg)
Established names (keep consistent): (names)
Preceding context (Chinese): [(prev)]
Following context (Chinese): [(next)]
SOURCE (Chinese): (source cue)
CURRENT line: (en)
DEFECTS (fix all, worst first):

- [{severity)]l (rule): (reasoning) ..
CANDIDATE renderings to draw from:

1. (candidate 1) ..
Return ONLY JSON, reasoning first:

{"reasoning": "<brief>", "line": "<corrected
English line>"}
The candidate pool at this point is

{initial candidates } U {hint-guided retranslations}.
If fewer than two distinct strings exist, the call
is not made at all: the defects are recorded as
residuals and the line is left untouched.

A.6 Rule-to-hint templates (7B)

The hint sent back to the translator, keyed by con-
firmed rule. These are what make retranslation in-

formed rather than blind resampling.

meaning_preserved: Translate only what the
source says --- do not add, drop, or reverse
meaning.

pronoun_gender_resolved: Use the
pronoun/gender that matches the referent

in context.

no_context_leak: Translate ONLY this line;

do not pull in content from the surrounding
lines.

honorific_register_consistent: Render any
title or form of address at a register that
matches the source, and keep it consistent --—-
do not flatten, drop, or modernize it.
sentence_mood_match: Preserve the sentence
type of the source: if it is a question,
render it as an English question; if a
command, a command.

direction_agent_correct: Keep the direction
and the doer/receiver of the action exactly as
in the source --- do not reverse who acts on
whom or which way something moves.
person_attribution_correct: Use the correct
grammatical person: if the line REPORTS what
another person said or will do, use third
person (he/she/they), not "I'; keep a vocative
(a term of address) as address, not as a
described subject.

no_invented_name: Do NOT introduce a specific
person's name that the source did not give: if
the source uses only a title/role/pronoun,
render that title/role/pronoun, not an
invented proper name.

B Configuration details

Models. tencent/Hy-MT2-7B and
google/gemma-4-12B-it-qat-w4alé-ct,
both Apache-2.0, used at their released revi-
sions. No adapters, no tokenizer or chat-template
changes, no new weights released.

Serving. SageMaker-native VLLM deep learn-
ing container (DLC) v1lm:0.23.0 (VLLM
Project, 2026), one model per endpoint, one
24GB GPU per endpoint (ml.gh.xlarge /
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ml.g6.xlarge; A10G / L4). Client fan-out is
16 cue workers per file with 4 nested workers
for the per-rule audit calls, and a per-endpoint
in-flight cap that scales with the replica count.
The cap must scale with replicas, or the client-side
semaphore throttles the whole endpoint to one
replica’s throughput. Retries are exponential
(2/4/8/16s) on transient failures only (model
errors, service-unavailable, throttling, timeouts,
5xx, connection resets), while a clean empty
completion is deliberately not retried, since that is
a model-output issue rather than an infrastructure
one.

Inference volume. Over the production run the
7B was called 129,837 times: 125,511 transla-
tion draws, three per cue, plus roughly 4,300
hint-guided retranslations. The 12B was called
~366,000 times: 23,442 candidate selections,
334,696 single-rule audit calls (eight for each of
the 41,837 cues), and roughly 8,000 re-verification
and repair calls on the cues that were flagged.

Judge protocol. gpt-5.6-1una at high reason-
ing effort, one item per call, temperature default;
the blinding and counterbalancing are described
in §6. Line wrapping is stripped from the judged
string, since a line break would identify the arm.
Judgment loss to malformed JSON was 2 of 3,258
items (0.06%), in one non-headline comparison.

Labeled critic set. The 600 cases of §5 are built
from a fixed seed over the 84 non-development
files, so the whole set is re-runnable. The
200 controls are half sampled at random from
shipped output and half drawn from a cleaner
pool. Two rules cannot fill their genre quota,
which is a property of the corpus rather than of
the sampler: honorific_register_consistent and
no_invented_name have almost no eligible cues in
the reality/variety and modern-urban classes.
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