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Abstract

We describe SubVision, our submission
to the WMT26 Video Subtitle Transla-
tion shared task. The system fine-tunes
the 1.8B-parameter multilingual transla-
tion model Hy-MT2-1.8B (Zheng et al.,
2026) using 4-bit QLoRA (Dettmers et al.,
2023) on 60,000 sentence pairs sampled
from the T'Vsub Chinese-to-English subti-
tle corpus (Wang et al., 2018). The train-
ing pipeline uses a single instruction style
prompt template, LoRA adapters (rank 16,
a = 32) on all attention and MLP pro-
jections, and early stopping based on dev
set sacreBLEU. We fix the decoding with
beam search with beam size 4, repetition
penalty 1.15, and no-repeat 3-gram con-
straints. The fine-tuned model on a 200
pair TVsub test split with multiple ref-
erences achieves sacreBLEU 37.63, chrF
52.76, and TER 53.93, compared with zero-
shot NF4 baselines of sacreBLEU 11.60 for
Hy-MT2-1.8B and 15.79 for Hy-MT2-7B
on the same test pairs, prompt, and decod-
ing configuration. The same configuration
is used for official inference, translating
subtitle lines independently while preserv-
ing SRT timing. We report our full train-
ing and inference configuration, describe
a data processing detail in parsing the
corpus’s multi-document, multi-reference
SGM files, and compare our final configura-
tion against nine additional trained config-
urations that differ in training pair count,
sequence-length budget, LoRA rank, and
decoding generation length. The paired
bootstrap analysis over this comparison
shows that given the 200 segment test set
size, the nominal ranking of the submit-
ted configuration is not statistically dis-
tinguishable from several of the alterna-
tives. We report this analysis along with
the point estimates rather than presenting
the ranking as an established result. We
note that evaluation uses an in-domain TV-
sub split. The code is available at: https:
//github.com/praaajg/wmt26-hymt2.
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1 Introduction

The WMT26 Video Subtitle Translation shared
task asks participants to translate the spoken di-
alogue of video subtitles, distributed as SRT files,
from Chinese into English (WMT26 Organizers,
2026). Subtitle translation differs from sentence
level document translation in that each line is
short, colloquial, and time boxed, and the orga-
nizers additionally provide per-video metadata (de-
scriptions, character lists, and glossaries) that par-
ticipants may use to disambiguate character names
and recurring terminology across a video.

Our system SubVision takes a compute con-
strained approach built around a single publicly
released small model. We adapt Hy-MT2-1.8B
(Zheng et al., 2026) which is a 1.8B-parameter mul-
tilingual translation model, by fine-tuning it with
QLoRA (Dettmers et al., 2023) on the TVsub cor-
pus (Wang et al., 2018) which is a large Chinese-
to-English corpus of subtitles drawn from Chinese
television dramas. The shared task itself supplies
no training or validation data, only the unlabeled
demonstration and official test files described in
Section 3.5. Therefore, participants must source
their own training corpus. All the training and
evaluation of automatic metrics uses TVsub. We
then apply the resulting fine-tuned model directly
to the organizer provided official test files using
the same translation prompt and decoding config-
uration used in training and evaluation, without in-
corporating the accompanying video metadata for
the shared task submission itself.

We underscore this scope explicitly because it
shapes how our results should be read. We re-
port BLEU, chrF, and TER numbers that come
from an in-domain TVsub test split with references,
not from the official test set, for which we have
no references and therefore no automatic score.
Our contribution is consequently a fully specified,
reproducible fine-tuning, decoding, and inference
pipeline for a small, resource friendly subtitle trans-
lation model, together with an honest account of
what our internal evaluation does and does not tell
us about performance on the shared task’s actual
test data. Our contributions are:

e A resource efficient QLORA fine-tuning
pipeline that adapts Hy-MT2-1.8B to
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Chinese-English subtitle translation using
60,000 T'Vsub sentence pairs and a single 23.7
GB GPU.

e An empirical comparison showing a substan-
tial improvement from task specific adapta-
tion over zero-shot Hy-MT2-1.8B under an
identical prompt, evaluation split, and decod-
ing configuration, together with a comparison
against nine additional trained configurations.

e A paired bootstrap analysis of the ten fine-
tuned configurations, showing that the nom-
inal differences among the strongest systems
are not statistically distinguishable at the 200
segment test set size.

o A fully specified SRT inference pipeline for the
official WMT26 test files, including preserva-
tion of subtitle indices and timestamps, to-
gether with the released LoRA adapter and
inference resources.

e A documented correction to the multi-
document SGM reference parsing procedure
used for all reported evaluation, addressing
segment-ID collisions across document bound-
aries.

2 Related Work

Subtitle machine translation. Subtitle trans-
lation introduces constraints on brevity, timing,
and register that distinguish it from general doc-
ument or sentence level machine translation (Ma-
tusov et al., 2019). Matusov et al. (2019) show
that NMT systems adapted specifically for subti-
tling outperform general purpose systems by bet-
ter matching the length and reading speed con-
straints of on screen text. The recent subtitling
systems explicitly optimize for these constraints
via length controlled MT that condenses trans-
lations to respect characters per line, lines per
block and reading speed limits without large qual-
ity loss (Petrick et al., 2025). For movie subti-
tles, prompting LLMs with movie meta informa-
tion such as title, summary and genre improves
translation accuracy, with the movie title giving
the most consistent gains (Pramodya et al., 2025).
Video context can also improve subtitle transla-
tion when the textual input is ambiguous. Li et al.
(2023) found that incorporating paired video clips
improves translation over text only models, par-
ticularly for ambiguous subtitles (Li et al., 2023).
The TVsub corpus (Wang et al., 2018), which we
use for fine-tuning, provides large scale Chinese-to-
English subtitle pairs drawn from television dra-
mas and captures the colloquial, turn taking regis-
ter typical of subtitle dialogue.

Document level context in MT. A natural
extension for subtitle and dialogue translation is
to condition on surrounding context. Maruf et al.
(2019) survey document level neural MT meth-
ods, architectures, training and decoding strate-
gies, and evaluation. Cross-sentence history has
been shown to improve Chinese-English NMT by
up to +2.1 BLEU points (Wang et al., 2017).
MTCue shows that unstructured document and
metadata context in dialogue improves translation
quality (+0.88 BLEU, +1.58 COMET over a non-
contextual baseline) and enables zero-shot control
of attributes such as formality (Vincent et al.,
2023). At the same time, document level evalua-
tion finds that contextual information is pervasive
across sentences but does not always change hu-
man judgments (Kim, 2025).

Parameter efficient fine-tuning. Domain
adaptation is important because vanilla NMT
performs poorly under domain mismatch when in-
domain corpora are scarce (Chu and Wang, 2018).
LoRA (Hu et al., 2021) adapts large pretrained
models by injecting trainable low rank matrices
into frozen weight projections, substantially reduc-
ing the memory required for fine-tuning. Adapter
modules originate as compact alternatives attain-
ing within 0.4% of full fine-tuning on GLUE while
adding only 3.6% parameters per task (Houlsby
et al., 2019), and for NMT specifically tiny task
specific adapter layers match full fine-tuning for
domain adaptation at a fraction of per-task cost
(Bapna and Firat, 2019). QLoRA (Dettmers et al.,
2023) extends LoRA by additionally quantizing
the frozen base model to 4-bit NF4 precision
with double quantization which is what makes
fine-tuning a 1.8B-parameter model practical on
a single GPU with limited memory in our setup.
Two stage QLoRA curriculum fine-tuning has been
shown to substantially improve low-resource MT,
e.g. chrF++ from 22.73 to 41.10 over NLLB-200
on an unseen language (Umar et al., 2026). We
use the PagedAdamWS8bit optimizer, building
on 8-bit block-wise quantized optimizers that
maintain 32-bit performance at a fraction of the
memory footprint (Dettmers et al., 2021), for the
same reason.

Instruction style translation prompting. In-
struction tuning (Ouyang et al., 2022) is now a
standard way of aligning language models to task-
specific behavior. Instruction finetuning has also
been shown for NMT itself which allows a single
small NMT model to follow multiple customiza-
tion instructions (formality, multi domain, multi
modal translation) at GPT-3.5-level quality (Rau-
nak et al., 2024). We follow this convention by
framing translation as a single turn chat comple-
tion with an explicit instruction, rather than a raw
sequence-to-sequence mapping.
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3 Dataset and Preprocessing

3.1 Corpus

The WMT26 Video Subtitle Translation shared
task provides no training or validation data of its
own: the only organizer released material is the
unlabeled demonstration package and official test
files (Section 3.5). Therefore, any training cor-
pus is a participant’s own choice. We use the
TVsub corpus (Wang et al., 2018) as this train-
ing proxy, cloned directly from the corpus’s pub-
lic repository. The TVsub dataset provides pre-
split, pre-processed Chinese—English subtitle pairs
under data/processed/{train,dev,test}, with
a plain-text source file for each split and a multi-
reference SGM file for the dev and test references.

3.2 Sampling and Filtering

The training pairs from the processed training file
we build as follows. Each source and target line
is detokenized (Section 3.3) and discarded if either
side is empty after cleaning, if either side exceeds
512 characters (twice our configured maximum
subtoken length), or if the character length ratio
between target and source falls outside [0.3,4.0],
which removes badly misaligned pairs. The filtered
pairs are shuffled with a fixed random seed (42) and
truncated to 60,000 training pairs. The same deto-
kenization (but not the ratio/length cutoffs, which
apply only to training) is applied when building
the 500-pair development split used for early stop-
ping and best-checkpoint selection during training,
both of which additionally require overlapping seg-
ment IDs between the source file and the parsed
multi-reference file.

All test set metrics and qualitative examples re-
ported in this paper (Table 7 onward) come from
an evaluation script run against the saved best
adapter, using its own default of 200 pairs from the
same data/processed/test/ split (the first 200
segment IDs with both a source line and at least
one parsed reference). The same 200 source lines
and multi-reference sets are reused without modifi-
cation for the zero shot baseline evaluations of the
un-adapted base models reported in Section 6.5.

3.3 Detokenization

TVsub’s released text contains subword-joiner ar-
tifacts (@-@, @@) and HTML escaped entities from
its original crawl. Our detokenizer removes joiner
artifacts, HTML-unescapes the text, collapses re-
peated whitespace, corrects spacing around punc-
tuation, and applies Unicode NFKC normalization.
This detokenization is applied uniformly to train-
ing pairs, dev/test sources, and references before
scoring so that reported metrics are computed on
cleaned text throughout.

3.4 Multi-Reference SGM Parsing

The dev and test reference files are provided
as SGM markup with segments grouped under
<DOC> blocks and numbered with <seg id="...">
tags. Two <DOC> blocks (docids SUBO1 and SUB02)
each restart segment numbering at 1, since each
block corresponds to a different source document
(television episode) in both files. A parser that
reads <seg id="..."> without also tracking which
<DOC> block it belongs to will silently conflate seg-
ments from the two episodes that share the same
local ID. Our parser instead iterates over <DOC>
blocks in file order, accumulates an offset equal
to the maximum local segment ID seen so far,
and adds that offset to each segment’s local ID
to obtain a corpus-level ID that is unique across
the whole file. This is applied identically when
building the dev and test reference sets. We flag
it here because an earlier, pre-fix version of our
own pipeline lacked this offsetting. It corrupted
the dev-set sacreBLEU that drives early stopping
and best-checkpoint selection during training, as
well as the final test report, motivating the cor-
rected parser used throughout this paper. The
nine locally trained configurations catalogued in
Section 6.3 and SubVision, were designed and run
only after the fix and never used the flawed offset-
ting. The same corrected parser is used to build
the reference set for the zero shot baseline evalua-
tions in Section 6.5, so the fine-tuned and baseline
numbers we compare are scored against an identi-
cal, correctly offset reference set.

3.5 Official Test Set

The shared task additionally distributes a demon-
stration package for the official test set, consisting
of a per-video *_zh.srt subtitle file and a meta-
data record. Neither the demonstration package
nor the full official test set includes reference trans-
lations: both are unlabeled source side releases,
consistent with a shared task that scores submis-
sions after the fact rather than allowing partici-
pants to self score against the official test data.
For the example video b410lodevls (episode 2
of the drama FfEER Wanfi Jin'an, lit. “ten-
thousandfold blessings, golden peace”), the meta-
data record provides the video and album titles
and an album level synopsis. The source file con-
tains 231 subtitle blocks. Table 9 (Appendix A)
shows several consecutive source lines exactly as
provided by the organizers, with Pinyin and an
English gloss added for readers who do not read
Chinese, illustrating the short, dialogue style utter-
ances and period register (forms of address, court
vocabulary) typical of this genre.
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4 Methodology

4.1 Base Model and Quantization

We fine-tune tencent/Hy-MT2-1.8B (Zheng et al.,
2026), quantized to 4-bit NF4 precision with
double quantization via bitsandbytes, using a
bfloat16 compute dtype where supported. The
LoRA adapters (Hu et al., 2021) of rank r = 16
and scaling factor a = 32 with dropout 0.05 are at-
tached to all attention and MLP projection matri-
ces (query, key, value, output, gate, up, and down
projections). The quantized base weights remain
frozen throughout training and only the adapter
weights are trainable. Section 6.5 evaluates this
same 4-bit NF4 quantization of the base model,
without any adapter attached, as a zero shot refer-
ence point.

4.2 Model Choice and Task Constraints

We adapt tencent/Hy-MT2-1.8B rather than a
larger general-purpose LLM for reasons tied di-
rectly to the shared task’s rules (WMT26 Orga-
nizers, 2026). The Video Subtitle Translation
task runs a constrained track only: any submit-
ted model, or the sum of an ensemble’s weights,
must total under 20B parameters, and teams must
release the fine-tuned weights under a license per-
mitting at least unrestricted non-commercial use.
The organizers explicitly recommend the Hy-MT?2
family as a strong base model for fine-tuning within
this constraint, and teams that use a Hunyuan-MT-
derived base model and achieve competitive results
are additionally eligible for the task’s monetary
prizes. We chose the 1.8B-parameter variant specif-
ically within that family because it lets the en-
tire pipeline, quantization, QLoRA training, early
stopping, and inference, run on a single 23.7 GB
GPU, which matches our available hardware far
more comfortably than the 7B variant would while
still leaving substantial parameter budget head-
room under the task’s 20B cap. It also keeps the ar-
tifact we must open-source small: because only the
LoRA adapter (rank 16) needs to be redistributed
on top of the frozen, publicly available base model.
Our released weights are ~74 MB (Open Weights,
below) rather than a multi-gigabyte merged check-
point. This choice is not merely a compute budget
default: the reduced budget model configuration
sweep in Section 6.4 fine-tuned Hy-MT2-7B under
the identical QLoRA recipe and found it reached a
higher TVsub sacreBLEU than the 1.8B baseline,
but at roughly 4.6 x the wall clock cost on the same
hardware, and the zero shot comparison in Sec-
tion 6.5 shows that fine-tuning the smaller model
closes, and on this in-domain test split reverses, the
gap to the larger model’s un-adapted translation
quality. We did not fine-tune the 7B variant at full
scale ourselves, both for this compute-cost reason
and because it falls outside the scope stated in Sec-

tion 7, so we cannot say whether full-scale QLoRA
fine-tuning would narrow, preserve, or widen the
reduced-budget gap for the larger model.

As per the task description (WMT26 Organiz-
ers, 2026), all primary submissions to the Video
Subtitle Translation task are judged with both au-
tomatic metrics and human evaluation, rather than
by an automatic score alone. The exact automatic
metric suite and the human evaluation protocol are
not published on the task page as of this writing,
which is one reason we present our TVsub num-
bers (Table 7) strictly as internal validation rather
than as a prediction of official leaderboard perfor-
mance. The task also distributes per-video meta-
data (video description or synopsis, with the task
page additionally referencing character lists and
glossaries) and explicitly encourages participants
to use it to resolve domain specific terminology and
character names, since this is one of the properties
the shared task is specifically designed to evalu-
ate. Our decision not to condition on this meta-
data at inference time (Section 5) is examined with
reduced-budget evidence in Section 6.4 and plausi-
bly costs us quality on exactly the cases the official
evaluation is intended to reward (Section 8).

4.3 System Architecture

Figure 1 illustrates the training architecture.

Hy-MT2-1.8B
4-bit NF4 base
(frozen)
LoRA r=16, a=32
(trainable)

Build input_ids
+ labels
(prompt posi-
tions = -100)

Chinese Prompt
Subtitle Text Template

English
Reference

A 4

Masked )
Cross-Entropy Loss

backprop:
LoRA params

mescesseasceaaad

C] frozen (4-bit base)

C] trainable (LoRA adapters)

Figure 1: Training architecture of the submitted
model.

The source subtitle line is embedded in the fixed
instruction prompt (Section 4.4) and tokenized via
the model’s chat template. The target transla-
tion is appended and only its tokens contribute
to the loss. The frozen, 4-bit-quantized projection
weights are augmented with a trainable low-rank
LoRA branch (Section 4.5) inside each transformer
block; gradients flow only through the LoRA pa-
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rameters and the (dequantized, bfl6) activations,
never into the frozen 4-bit weights themselves.

4.4 Prompt Format

Both training and inference use the same single-
turn instruction prompt, applied via the tok-
enizer’s chat template:

Translate the following text into
{tgt_lang}. Note that you must ONLY
output the translated result without
any additional explanation:{src}

with tgt_lang fixed to English. The target trans-
lation followed by an end-of-sequence token is ap-
pended after the prompt, and only target tokens
contribute to the loss (prompt tokens are masked
with label value —100) during training. The target
is truncated from the end to fit if a prompt-plus-
target sequence would exceed our maximum total
length. The identical prompt, applied via each
model’s own chat template, is used for the zero
shot baselines in Section 6.5, so that the only dif-
ferences between the baseline and fine-tuned condi-
tions are the presence of the trained LoRA adapter
and, where noted, the decoding configuration of
Section 4.9.

4.5 LoRA Reparameterization

For each targeted projection matrix Wy € R?** in
the quantized base model, LoRA (Hu et al., 2021)
adds a low-rank update

W:WOJr%BA, (1)

where B € R¥™*" A € R™*¥ 1 = 16 is the adapter
rank, and a = 32 is the scaling factor, so that
a/r = 2. A is initialized from a Gaussian distribu-
tion and B is initialized to zero, so that W = W,
at the start of training. For an input activation z,
the forward pass through an adapted projection is

h=Wyx + %B (Adropg o5(x)), (2)

with dropout applied to the LoRA branch’s input
only, and Wy frozen (stored 4-bit NF4, dequantized
on the fly for the matrix multiply).

4.6 Training Objective

For a tokenized prompt-plus-target sequence of
length T with target tokens occupying positions
p+1,...,T (positions 1,...,p being the masked
prompt), the model is trained to minimize the to-
ken averaged, masked causal language-modeling
loss

1 T

=—— Z log Py (yi | y<i), (3)

L(OLorA) T
i=p+1

where 01,ra denotes the trainable LoRA param-
eters {A, B} across all targeted projections (the

base weights Op.¢e are held fixed), and y; includes
both the prompt tokens and any previously gen-
erated target tokens. Equivalently, every prompt-
position label is set to —100 so that the standard
cross-entropy loss ignores it, matching the masking
in Section 4.4.

4.7 Learning Rate Schedule

The learning rate at optimizer step s follows a lin-
ear warmup for the first s, = [0.03 5] steps fol-
lowed by cosine decay over the remaining steps,
where S is the total number of optimizer steps:

S
77rnax >
w

(e 32)
max © = cos(m ,
Thoa 2 S — Sw

with Nmax = 2 X 1074 S = [Npatches/8] X 3 ac-
counts for gradient accumulation over 8 steps and

up to 3 epochs (fewer if early stopping triggers
first).

n(s) =

4.8 Training Configuration

Table 1 summarizes our training configuration. We
train for up to 3 epochs with early stopping (pa-
tience 2, minimum improvement 0.05 sacreBLEU)
evaluated on the 500-pair development split at
the end of each epoch, using gradient accumula-
tion over 8 steps of batch size 4 (effective batch
size 32). The optimization uses Paged AdamW8bit
(Dettmers et al., 2021) with a cosine learning rate
schedule and 3% linear warmup, gradient clipping
at norm 1.0, and no weight decay. The training
ran on a single NVIDIA L4 GPU (23.7GB) on a
Lightning AT Studio instance.

Hyperparameter

Value

Base model
Quantization
LoRA rank / «
LoRA dropout
Target modules
Training pairs
Development pairs
Trainable / total
parameters
Maximum sequence
length

Maximum epochs
Batch size / Grad.
accumulation
Optimizer
Learning rate
Warmup ratio
Weight decay
Maximum gradient
norm

Early stopping
Hardware

tencent/Hy-MT2-1.8B

4-bit NF4 with double quantization
16 / 32

0.05

q, k, v, o, gate, up, down

60,000

500

19,398,656 / 1,810,479,104 (1.07%)

640 tokens

3 (early stopping)
1/8

Paged AdamW8bit
2 x 104 (cosine)
0.03

0.0

1.0

Patience = 2, § = 0.05 sacreBLEU
1 x NVIDIA L4 (23.7GB VRAM)

Table 1: Training hyperparameters and optimiza-

tion settings.
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4.9 Decoding Strategy

We decode with beam search, no sampling, and
a fixed token budget (Table 2) at both dev/test
evaluation time and for the official test submission,
which we found to be generous relative to typical
subtitle line lengths. We apply a repetition penalty
of 1.15 and a no-repeat n-gram size of 3 to reduce
repetition collapse. This decoding configuration is
held identical across every reported condition in
this paper: dev/test evaluation of the final adapter,
the zero shot baselines in Section 6.5, and official
test inference (Section 5); the only exception is
the generation length, which we ablate explicitly
in Section 6.3 because several of our exploratory
local runs used a shorter 40 token generation bud-
get rather than the 160 token budget used for the
final reported configuration. We treat decoding as
an experimental variable rather than an implemen-
tation detail: Section 6.3 reports both the nominal
effect of repetition penalty, no-repeat n-gram size,
and generation length budget on the scores we ob-
tain, and a paired bootstrap significance analysis
of that effect given the size of our test set.

Generation Parameter Value
Max new tokens 160
Beam size 4
Do sample False
Temperature 1.0
Repetition penalty 1.15
No repeat n-gram size 3

Table 2: Decoding configuration, identical across
dev/test evaluation, the zero shot baselines (Sec-
tion 6.5), and official test inference. This is the
single decoding strategy used for every number re-
ported as “SubVision” in this paper.

5 Official Test Inference Pipeline

We run inference directly on the organizer-
provided test files for the official shared-task sub-
mission. Each source file is a *_zh.srt subtitle
file; we parse it into blocks of (index, timestamp,
text) using a line-based SRT parser that tolerates
blocks with or without subtitle text. Each block’s
text is embedded in the training prompt template
(Section 4) with target language fixed to English;
blocks with empty source text are still passed
through the model (with a placeholder single-space
input, to keep batch shapes uniform), but their gen-
erated output is discarded and the block’s transla-
tion is forced back to an empty string, so empty
subtitle timings are preserved without asking the
model to hallucinate content. The batches of 16
blocks are decoded with the same beam search and
generation settings as training time evaluation (Ta-
ble 2). The first line of the decoded continuation is
kept as the translation (guarding against rare cases

of trailing spurious continuation), and the result is
written back into a new SRT file with the origi-
nal index and timestamp preserved, so that timing
synchronization from the source file is not altered.

Figure 2 below illustrates the pipeline. Criti-
cally, this pipeline does not incorporate the per-
video metadata (title, description, character list,
glossary) that the shared task makes available.
Each subtitle line is translated in isolation, us-
ing only the fixed instruction prompt and the
line’s own text, with no document level or cross-
line context and no metadata conditioning (Sec-
tions 4.2, 8).

* zh.srt

(organizer
test file)

Parse
(idx, time,
text)

Prompt Template

(no metadata)

Re-insert into Fine-Tuned
original Beam Search Hy-MT2-1.8B
(idxgtime) (k=4, <160 tok) (frozen base
—— +LoRA)
A4
PR
*_en.srt
(submission)

Figure 2: Test inference pipeline

6 Experiments

6.1 Setup

We evaluate on the T'Vsub test split (200 pairs with
multi-reference SGM annotations, parsed as de-
scribed in Section 3), reporting corpus-level BLEU
(Papineni et al., 2002), sacreBLEU (Post, 2018),
chrF (Popovié¢, 2015), and TER (Snover et al.,
2006), with generation performed under the fixed
decoding configuration of Section 4.9 (Table 2).
We report both BLEU and sacreBLEU because
they are not directly comparable: BLEU uses our
own tokenization, whereas sacreBLEU applies a
fixed, standardized tokenizer (13a) specifically to
make scores reproducible and comparable across
papers. Therefore, we treat sacreBLEU as the pri-
mary metric for this reason and include raw BLEU
only for continuity with the original TVsub bench-
mark protocol. All references for a given source
segment are used jointly (multi-reference scoring),
padding shorter reference lists to a common length
as required by the scoring implementation. We
additionally report a paired bootstrap significance
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analysis given the modest size of this test split
alongside the point estimates (Section 6.3.1), fol-
lowing standard practice for small sample MT eval-
uation.

6.2 Hyperparameter Tuning

We explored alternative settings including dif-
ferent LoRA ranks, learning rates, batch sizes,
numbers of training pairs, numbers of training
epochs, source/target/total sequence-length limits,
and generation-length budgets, beyond the final
configuration in Table 1. Section 6.3 reports these
nine locally trained configurations directly, evalu-
ated under the corrected SGM parser and, where
noted, under two different decoding generation-
length budgets, so that the nominal effect of decod-
ing choice on the ranking is visible; Section 6.3.1
then tests how much of that ranking survives re-
sampling uncertainty at this test set size.

6.3 Comparison Across Locally Trained
Configurations

We trained nine further QLoRA configurations lo-
cally, varying training-pair count (60k vs. 100k),
LoRA rank/a (16/32 vs. 32/64 vs. 32/32), learning
rate (5x107°-2x10~*), maximum sequence length
(96 vs. 640 tokens), and batch/accumulation con-
figuration, while holding the QLoRA target mod-
ules (¢, k, v, o, gate, up, down), maximum gradient
norm (1.0), checkpoint interval (every 500 steps),
early-stopping patience (2), and the 500-pair (60k
runs) or 800-pair (100k runs) development split
fixed across all ten configurations. These nine con-
figurations were run after, and partly to test, the
findings of the reduced-budget ablation sweeps de-
scribed in Section 6.4, which were conducted earlier
in development. Table 11 (Appendix A) summa-
rizes the ten training configurations, and Table 3
summarizes the decoding relevant evaluation set-
tings used for each.

Sequence Length budget derivation. Runs
R5-R9 use a substantially shorter length con-
figuration (max_src_len=56, max_tgt_len=40,
max_total_len=96, eval_gen_max_new=40) than
the 640-token budget used for the final configura-
tion. These four values were derived empirically,
using two independent data sources cross-checked
against each other. TVsub was used as a training
proxy because no official WMT26 training data ex-
ists for this task, so its length distribution alone
could not be trusted to reflect the real evalua-
tion target. Therefore, prompt-token lengths were
measured directly from the actual WMT26 demo
and 100-video test set (41,837 real subtitle seg-
ments, tokenized with the model’s own tokenizer
and wrapped in the exact same instruction tem-
plate and chat-template scaffolding used at infer-
ence), giving a source-prompt length of pgg = 37

and pggg = 42 tokens under this task’s real condi-
tions. This was then matched against TVsub’s own
post-template prompt-length distribution (mea-
sured the same way, via build_input_ids over
10,000 sampled training pairs), which showed a
pog of 49 and a maximum of 55 tokens. TV-
sub’s fine-tuning sentences run slightly longer than
the actual WMT26 test lines, so the training side
cap needed to dominate rather than the target-
side estimate. The setting max_src_len=56 and
max_total_len=96 therefore covers the full ob-
served TVsub source-length range (max= 55) with
the target evaluation distribution safely nested
well inside it (pgge = 42), while max_tgt_len=40
and eval_gen_max_new=40 are sized from TVsub’s
target-length pgge (23) and maximum (30) with
comfortable headroom. The generation side cap
only needs to bound how much the model is al-
lowed to produce and is therefore decoupled from
prompt length. This approach, grounding the
choice in tokenized percentile statistics of both the
training proxy and the real evaluation data rather
than a round-number default, make sure under
1% of examples are truncated during fine-tuning
while avoiding the unnecessary compute and mem-
ory cost of an oversized context window. The
placeholder values of 256/256,/640 used for the fi-
nal configuration and R1-R4 would have been 4—
7x larger than what the data actually requires, a
difference we deliberately keep in the comparison
(Section 6.3) because it lets us measure what the
shorter, empirically justified budget costs in prac-
tice against the final configuration’s more generous
one.

Run Max new Beams Rep. pen. No-repeat n
R1 160 4 1.15 3
R2 160 1.15 3
R3 160 4 1.15 3
R4 160 4 1.15 3
R5 40 4 1.15 3
R6 40 4 1.15 3
R7 40 4 1.15 3
R8 40 4 1.15 3
R9 40 4 1.15 3
SubVision 160 4 1.15 3

Table 3: Decoding configurations used to evalu-
ate the ten runs. Repetition penalty, beam width,
and no-repeat 3-gram constraints are held fixed
throughout; only the maximum number of newly
generated tokens varies, with 40 tokens used for
five exploratory runs (R5-R9) and 160 tokens used
for the remaining five runs (R1-R4 and SubVi-
sion).

Table 4 reports test set metrics (200 TVsub
pairs, multi-reference, sacreBLEU 13a) for all ten
configurations under their respective decoding set-
tings from Table 3. SubVision obtains the highest
nominal sacreBLEU among the ten configurations,
with R6 and R3 close behind (37.34 and 37.13 re-
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spectively). Section 6.3.1 tests whether this or-
dering is statistically meaningful given the size of
the test set; as summarized there, it is not: none
of the pairwise comparisons involving SubVision
reach significance at the 95% level.

Run sBLEU chrF TER BLEU
SubVision 37.63 52.76 53.93 38.56
R6 37.34  52.73 54.43 38.39
R3 37.13 52.49 54.61 37.92
R4 36.40 52.33 56.59 37.25
R7 36.36  52.54 56.78 37.21
R5 36.35 51.38 56.28 37.40
R1 35.46  51.21 57.27 36.44
R2 35.33  51.10 58.07 36.23
R9 34.98 50.90 57.58 35.91
R8 34.76  50.65 56.96 35.61

Table 4: Test set metrics for all ten configurations,
sorted by sacreBLEU descending. Lower is better
for TER. All rows use the identical 200-pair TV-
sub test split, the corrected multi-reference SGM
parser, and the decoding settings of Table 3.

6.3.1 Statistical Significance of the Run
Comparison

We assessed how much of the observed ranking
survives resampling uncertainty because Table 4
is computed on only 200 segments. For each of
the ten configurations we drew 1000 paired boot-
strap resamples of the test set (sampling segment
indices with replacement, and recomputing corpus-
level sacreBLEU on each resample using the same
segments for every system in a given resample), giv-
ing a 95% confidence interval and a pairwise win
rate for every one of the (120) = 45 system pairs.

Run Boot. mean 95% CI Std
SubVision 37.36 [33.10, 41.76] 2.17
R6 37.09 [33.00, 41.50] 2.14
R3 36.87 (32.81, 41.17] 2.13
R4 36.16 [31.58, 40.60] 2.35
R5 36.09 [31.96, 40.10] 2.17
R7 36.07 [32.03, 40.17] 2.10
RI1 35.26 [31.14, 39.47] 2.17
R2 34.94 [31.12, 38.82] 2.02
R9 34.78 [30.71, 39.21] 2.12
R8 34.50 [30.36, 38.71] 2.14

Table 5: Bootstrap mean sacreBLEU and 95% con-
fidence interval (1000 resamples) for each of the ten
configurations, sorted by bootstrap mean descend-
ing. Only 1 of the 45 pairwise comparisons among
these ten configurations has a 95% bootstrap confi-
dence interval for the paired sacreBLEU difference
that excludes zero, and it does not involve SubVi-
sion.

Table 5 reports the bootstrap mean and 95%
CI for each configuration’s sacreBLEU. Across the
full set of 45 pairwise comparisons, only one has
a 95% bootstrap confidence interval for the paired
sacreBLEU difference that excludes zero (R6 vs.
R8); this pairing does not involve SubVision. Sub-

Vision’s difference in particular, from the lowest-
scoring configuration in the table, R8, is nomi-
nally the largest gap observed (2.86 sacreBLEU)
but is not significant (95% CI [-0.52, 6.28], boot-
strap win rate = 0.949). We therefore report Sub-
Vision’s ranking in Table 4 as the nominal top score
among the ten configurations tested, rather than as
a statistically established advantage over the other
nine. We also tested the paper’s grouped decoding-
budget claim directly: pooling the five 160-token-
budget configurations (SubVision, R1-R4) against
the five 40-token-budget configurations (R5-R9)
under the same paired bootstrap procedure gives
a mean difference of 0.41 sacreBLEU in favor of
the 160-token group (95% CI [—1.15,2.10], boot-
strap win rate = 0.691), which is not significant.
The nominal ordering in Table 4, where the five
160-token configurations have a higher mean score
than the five 40-token configurations, although R6
(40 tokens) ranks second and exceeds several of the
160-token configurations, is consistent with a real
effect of generation budget, but at n = 200 we
cannot distinguish it from sampling noise with this
analysis, and we report it as directional rather than
established.

We select SubVision as our reported and sub-
mitted configuration on the basis of its nominal
top score in Table 4 and because it uses the longer,
160-token generation budget together with the 640-
token training sequence length, which is direction-
ally, though not significantly, the stronger combi-
nation among those tested; we do not claim this
selection is supported by a statistically distinguish-
able advantage over the nearest alternatives (R6,
R3).

6.4 Reduced Budget Ablations Justifying
Design Choices

Four additional sweeps were run at a deliberately
reduced training budget (fewer samples and epochs
than a full run, so that a whole grid fits in a
single session on 2xT4 GPUs) to decide, before
committing full-scale compute, among alternative
prompting strategies, hyperparameters and decod-
ing settings, metadata-conditioning methods, and
model/quantization configurations. These sweeps
were conducted first, ahead of the ten full-budget
training configurations reported in Section 6.3; the
nine locally trained configurations were designed
and run afterward, informed by these sweep re-
sults, including deliberately re-testing at full scale
a setting the reduced-budget sweep had favored
(LoRA rank 32/a64, in R1 and R2) to check
whether the reduced-budget advantage held once
training reached convergence. Like the ten full-
budget configurations and the zero shot baselines,
all four sweeps were run against the corrected
multi-reference SGM parser (Section 3), so every
sacreBLEU figure reported in this section and in
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Table 10 is post-fix and free of the reference confla-
tion error described there. Each candidate was sub-
ject to a promotion gate that blocks a nominal TV-
sub sacreBLEU winner from being carried into the
full-scale run unless it also (i) stays within a noise
floor of 0.5 sacreBLEU over the instruction-prompt
baseline (29.49 sacreBLEU), (ii) does not exceed a
maximum repeated n-gram run under a decoding
stress test, and (iii) renders a small set of anchor
terms, F42 (wdngfei, “princess consort”), fF{E
(wiizuo, “coroner”), and E3F (wdngyé, “prince”),
consistently across repeated occurrences in a held
out episode. We treat these reduced budget results
as a cheap screening pass rather than a confirma-
tory evaluation: candidates were filtered using the
noise floor and consistency gate described above,
run at a single reduced training scale with no re-
sampling or significance testing, rather than with
the bootstrap procedure of Section 6.3.1. A candi-
date passing this gate indicates it is worth the cost
of full scale training, not that its nominal improve-
ment is statistically established. Only the ten full-
budget configurations of Section 6.3 receive that
stronger evaluation. Table 10 (Appendix A) sum-
marizes every candidate tested and the outcome.
The paragraphs below give the reasoning behind
each row.

Prompting strategy. Five templates were com-
pared under matched fine-tuning and evalua-
tion: the submission’s default single-turn in-
struction (instruction_v1), the same instruc-
tion moved into a system turn with a bare
source string as the user turn (bare_vl), a
minimal tag format with no natural-language
instruction (tagged_v1), the default instruc-
tion preceded by one static in-context exam-
ple (fewshot_v1), and an instruction-as-system-
message variant (system_role_v1). bare_vi
scored highest on test sacreBLEU but was blocked
at the promotion gate (Table 10). We retained
instruction_vl as the submitted prompt (Sec-
tion 4.4): the nominal metric gain did not sur-
vive the consistency check, and instruction-format
templates are also the most transparent to reason
about and reproduce.

LoRA rank and decoding parameters. At
the reduced budget, LoRA rank 32 (a = 64) out-
performed the submission’s rank 16 (o = 32) and
cleared the promotion gate, suggesting the larger
adapter converges faster under a short schedule.
We do not carry this result forward as-is: the full-
budget comparison in Table 4 shows the opposite
ordering once training reaches convergence, which
we read as the reduced-budget rank advantage be-
ing a convergence-speed artifact of the short sweep
rather than a capacity advantage that persists at
full scale. We note that per Section 6.3.1, this re-
versal itself involves comparisons (R1/R2 vs. R3)

that were also not individually significant under
the bootstrap test, so we treat the reduced-budget
rank result as suggestive rather than as a confirmed
reversal. A decoding-parameter grid over repeti-
tion penalty {1.0,1.15,1.30} and no-repeat n-gram
size {0, 3} found no measurable repetition collapse
at any setting under this specific stress test, but
repetition penalty 1.30 began to alter translation
content (Table 10). This is why SubVision uses rep-
etition penalty 1.15 (Table 2): the point that still
protects against repetition failures observed in pro-
duction scale generation without the content drift
seen at 1.30.

Metadata conditioning. Because TVsub car-
ries no document boundaries in its training split
and the released splits ship no real per-video ti-
tles or synopses, two document-context proxies
were tested quantitatively on TVsub itself (Ta-
ble 10), while genuine WMT26 title/synopsis meta-
data was tested only qualitatively on the official
demo package, since it carries no reference trans-
lations to score. Both quantitative proxies were
blocked or net-negative, and the one qualitative
test possible with real metadata showed no observ-
able effect at all on the small set of probes exam-
ined. We treat this qualitative result as a weak sig-
nal rather than a settled finding, since it reflects
a handful of hand inspected outputs rather than
a scored evaluation. A systematic test of meta-
data conditioning against real WMT26 metadata
remains open (Section 8). These results together
are why SubVision does not condition on per-video
metadata for this submission (Sections 5, 8).

Model size and quantization. The fine-tuning
of larger tencent/Hy-MT2-7B using the same
QLoRA setup (still 4-bit NF4, LoRA r16/a32) pro-
duced a gain over the 1.8B baseline, but at roughly
4.6x the wall clock cost on the same hardware (Ta-
ble 10). The restriction of LoRA to attention only
or MLP only projections underperformed adapting
all targeted projections, confirming the choice to
target all seven projection types in Table 1. An 8-
bit quantization variant scored marginally higher
than the 4-bit NF4 default at roughly double the
memory footprint, and two “combined-best” con-
figurations assembled from the individually best
scoring settings above were both blocked at the
promotion gate. This combination of findings is
consistent with, and adds a reduced-budget data
point to, the model-choice rationale already given
in Section 4.2; as with the other reduced-budget re-
sults in this section, these deltas were not evaluated
with the bootstrap procedure of Section 6.3.1 and
should be read as screening evidence rather than
confirmed effects. A larger base model or higher
precision quantization can nominally raise the TV-
sub score, but neither survived the consistency gate
and the more expensive combined configurations
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did not compound into a net improvement.

6.5 Baseline Comparison

We evaluate two zero shot baselines: the same 4-bit
NF4-quantized tencent/Hy-MT2-1.8B used in Sec-
tion 4, but with no LoRA adapter attached, and
the larger tencent/Hy-MT2-7B variant from the
same model family, also 4-bit NF4-quantized and
without any adapter to isolate what QLoRA fine-
tuning contributes on top of the base model. The
both baselines are decoded directly from the pub-
licly released checkpoints, with no exposure to TV-
sub during training. We evaluate both on the iden-
tical 200 pair TVsub test split and multi-reference
set used in Section 6, with the identical instruc-
tion prompt (Section 4.4) and the identical decod-
ing configuration (Table 2), so that the fine-tuned
adapter is the only variable that differs between
these numbers and Table 7. Table 6 reports the
results.

System BLEU sBLEU chrF TER
Hy-MT2-1.8B 11.80 11.60 38.32 72.96
Hy-MT2-7B 16.08 15.79 42.81 68.20
Hy-MT2-1.8B  38.56 37.63 52.76 53.93
+ QLoRA

Table 6: Zero shot NF4 baselines versus QLoRA
fine-tuned Hy-MT2-1.8B on the identical 200 pair
TVsub test split and decoding setup. Lower is bet-
ter for TER.

The zero shot Hy-MT2-1.8B baseline trails our
fine-tuned adapter by 26.03 sacreBLEU, 14.44
chrF, and 19.03 TER points. This gap is far larger
than any of the pairwise differences examined in
Section 6.3.1 among the ten fine-tuned configura-
tions and we would expect it to remain significant
under the same paired bootstrap procedure given
its magnitude relative to the per configuration stan-
dard deviations in Table 5 (~2.1-2.4 sacreBLEU),
though we did not run the baselines themselves
through the bootstrap analysis. We take this gap
as confirming that the gains we report in Table 7
come from the QLoRA fine-tuning step itself rather
than from the base model’s pretrained translation
ability alone. The un-adapted 1.8B model also
underperforms the un-adapted 7B model by 4.19
sacreBLEU, which is expected given the roughly
fourfold difference in parameter count; notably,
our fine-tuned 1.8B adapter still exceeds the larger
zero shot 7B model by a wide margin (37.63 vs.
15.79 sacreBLEU) which suggests that at least on
this in-domain subtitle test split, domain specific
QLoRA adaptation of the smaller model is con-
siderably more effective than relying on the base
model’s scale alone.

We did not fine-tune the 7B variant ourselves
at full scale, both for the hardware reasons dis-

cussed in Section 4.2 and because it falls outside
the scope stated in Section 7. Thus, we can-
not say whether QLoRA fine-tuning would narrow,
preserve, or widen this gap for the larger model.
We treat the zero shot Hy-MT2-7B number here
strictly as a scale reference point rather than as a
competitive baseline system.

6.6 Results

Table 7 reports our final metrics, produced by load-
ing the best early-stopped adapter and decoding
the 200 pair TVsub test split with the configura-
tion in Section 4. This test split is drawn from
the same TVsub distribution and preprocessing
pipeline as our training data and therefore serves
as an in-domain diagnostic of whether fine-tuning
succeeded, rather than as an estimate of perfor-
mance on the shared task’s official, historical cos-
tume drama test videos, which come from a dif-
ferent source and distribution. We did not have
access to references for the official test set and so
could not compute an analogous score there. The
reported numbers should be read strictly as an in-
ternal validation, and, per Section 6.3.1, as a nom-
inal point estimate whose ranking against nearby
configurations is not statistically established at this
test set size.

Metric Score
BLEU 38.56
sacreBLEU  37.63
chrF 52.76
TER 53.93

Table 7: Fine-tuned Hy-MT2-1.8B on the 200 pair
TVsub test split, multi-reference scoring.

6.7 Sentence-Level Score Distribution

Table 7 reports corpus-level metrics, which can
mask how consistently the model performs across
individual segments. We additionally computed
per-sentence sacreBLEU (13a tokenization) for all
200 test pairs (Table 8). The mean sentence-level
score (43.43) is noticeably higher than the corpus-
level sacreBLEU in Table 7 (37.63), which is ex-
pected: corpus BLEU aggregates n-gram counts
across the whole set rather than averaging per-
sentence ratios, so it is pulled down by low-scoring
segments in a way a simple mean is not. The
max of 100.0 reflects exact or near exact matches
on short, common phrase subtitle lines (Table 12).
Only 2 of 200 segments scored zero, both discussed
in Section 6.8.

6.8 Qualitative Examples

Table 12 (Appendix A) presents representative
best and worst predictions, ranked by per-sentence
sacreBLEU, from the same 200 pair evaluation set.
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Statistic Value
Median sentence BLEU 33.73
Mean sentence BLEU 43.43
Max sentence BLEU 100.0
BLEU = 0 count 2 / 200

Table 8: Per-sentence sacreBLEU statistics on the
200 pair TVsub test split.

For each example, we show the Chinese source sen-
tence with a Pinyin romanization, the model hy-
pothesis, and the first available English reference
(each segment has up to three references).

The highest scoring examples are short, com-
mon conversational utterances where the model
closely matches the reference in both wording and
meaning. The lowest-scoring examples in con-
trast illustrate well known limitations of refer-
ence based evaluation. Short idiomatic expressions
(e.g., ITRMI, tdoyan la) and proper nouns (e.g.,
RIEMXMPR, Anjiéli xiyuan) receive low sentence-
level sacreBLEU despite producing fluent English,
because the model selects different lexical realiza-
tions than the reference. Similarly, longer con-
versational sentences may preserve the intended
meaning while differing substantially in wording,
resulting in lower n-gram overlap. These examples
highlight that BLEU family metrics can underes-
timate translation quality when acceptable para-
phrases differ lexically from the available reference
translations.

7 Experimental Scope

The primary objective of this paper is to present
and validate a reproducible, resource efficient
QLoRA fine-tuning pipeline for Hy-MT2-1.8B
within the context of the WMT26 Video Subti-
tle Translation shared task, rather than to pro-
vide an extensive benchmarking study across differ-
ent model scales, prompting strategies, metadata-
conditioning approaches, or hyperparameter con-
figurations. This work focuses on establishing the
effectiveness and reproducibility of a single, val-
idated training and decoding pipeline, together
with zero shot baselines (Section 6.5) and a com-
parison against nine further locally trained config-
urations, including a bootstrap significance analy-
sis of that comparison (Section 6.3), that contex-
tualizes how much of the observed effectiveness is
attributable to fine-tuning, training configuration,
and decoding choice, rather than to the base model,
its scale, or resampling noise at this test set size.
Several exploratory experiments were conducted
during development. However, these results be-
came invalid following the correction of the SGM
multi-reference parsing error described in Section 3,
which had corrupted the dev-set sacreBLEU used
for early stopping and checkpoint selection as well

as the final test report. This rendered previ-
ous comparisons unreliable and necessitated com-
plete retraining for any meaningful evaluation. We
prioritized revalidating one end-to-end configura-
tion using the corrected evaluation pipeline over
re-running every exploratory configuration from
scratch given the substantial computational cost
of end-to-end fine-tuning under our available hard-
ware constraints (a single 23.7GB GPU). Every run
for which this paper reports a metric, SubVision it-
self, the nine locally trained configurations of Sec-
tion 6.3, the zero shot baselines of Section 6.5, and
the reduced-budget ablation sweeps of Section 6.4,
was executed after this fix, against the corrected
reference set, so none of them carry the invalida-
tion concern that applies to the pre-fix exploratory
numbers we chose not to report. The local config-
urations differ from SubVision in that they were
trained and evaluated in a separate local environ-
ment, whereas SubVision additionally incorporates
the SGM <DOC>-boundary offsetting fix at both the
development-split scoring used for checkpoint selec-
tion and the final test scoring, which the nine local
runs also apply post-fix but which was validated
first in the external run.

Consequently, the experimental results pre-
sented in this paper are limited to the final, verified
system (Sections 4-6.8), the nine locally trained
comparison configurations and their bootstrap sig-
nificance analysis (Section 6.3), and the two zero
shot baselines described above. A comprehensive
empirical investigation of alternative prompting
strategies, metadata-conditioning methods, and
length- or display-aware decoding constraints be-
yond repetition penalty and no-repeat n-gram size
is left for future work.

8 Limitations

Limited evaluation size and domain cover-
age. Automatic evaluation is performed on 200
referenced TVsub segments drawn from the same
general distribution as the training data. This
makes the evaluation useful for validating the fine-
tuning pipeline, but limits the strength of conclu-
sions about performance on the official WMT26
test distribution. We cannot quantify how well the
reported TVsub scores transfer to the shared task
test data because reference translations for the of-
ficial test data are not provided to participants.

No metadata conditioning. The submitted
system does not use the per-video descriptions,
character lists, or glossaries provided by the shared
task. Such metadata could help resolve character
names, domain specific terminology, and ambigu-
ities that cannot be resolved from an individual
subtitle line. Our reduced-budget exploratory evi-
dence for metadata conditioning is based only on
a small number of hand-inspected examples and
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is therefore insufficient to establish whether meta-
data would improve aggregate translation quality.

No cross line or document level context.
Each subtitle line is translated independently.
Consequently, the system does not explicitly en-
force consistency of terminology, character names,
or register across a video, and it cannot reliably re-
solve pronouns or ellipsis that require neighboring
subtitle lines.

No length or display aware decoding. The
decoding uses a fixed 160-token generation budget
but does not explicitly optimize for characters per
line, number of lines, reading speed, or other dis-
play constraints. We therefore evaluate translation
quality primarily through reference based MT met-
rics rather than through a dedicated subtitle read-
ability or display compliance evaluation.

Single decoding configuration per model.
The same repetition penalty, no-repeat n-gram con-
straint, and beam size are used across the reported
systems. This isolates the effect of the adapter and
training configuration, but does not establish that
the selected decoding configuration is optimal for
every model or training setup.

Limited precision at n = 200. The paired
bootstrap analysis with 200 test segments distin-
guishes only a small number of the pairwise differ-
ences among the ten trained configurations. The
submitted configuration is not statistically distin-
guishable from the other nine. Accordingly, we
interpret the choice of the submitted configuration
primarily through its nominal score and engineer-
ing properties rather than as evidence of a statisti-
cally established optimum.

9 Conclusion

We presented SubVision, a QLoRA fine-tuning
pipeline that adapts the 1.8B-parameter Hy-MT2
multilingual translation model to Chinese-English
subtitle translation using the TVsub corpus, and
the corresponding official test inference pipeline
used to produce our WMT26 Video Subtitle Trans-
lation submission. The fine-tuned model on an
in-domain TVsub test split reaches sacreBLEU
37.63, chrF 52.76, and TER 53.93 under a fixed
decoding strategy (beam search, beam size 4, repe-
tition penalty 1.15, no-repeat 3-gram constraint,
160-token generation budget), compared to zero
shot NF4 baselines of 11.60 sacreBLEU for the un-
adapted Hy-MT2-1.8B and 15.79 sacreBLEU for
the larger un-adapted Hy-MT2-7B under identical
prompt and decoding conditions. The large im-
provement over the un-adapted 1.8B model pro-
vides evidence that the observed gain comes from
QLoRA fine-tuning rather than from the base
model alone. We additionally compared SubVision

against nine further locally trained configurations
that vary training pair count, LoRA rank, sequence
length, and generation budget, all evaluated un-
der the same decoding setting. A paired boot-
strap analysis of this comparison shows that, at
200 test segments, SubVision’s nominal top rank-
ing is not statistically distinguishable from sev-
eral nearby configurations. We report this find-
ing alongside the point estimates rather than pre-
senting the ranking as an established result. Our
shared-task submission applies the same fine-tuned
model, prompt, and decoding configuration di-
rectly to the organizer-provided official test files,
translating each subtitle line independently and
without access to per-video metadata. We cannot
report an automatic score for the actual submission
because reference translations for the official test
data are not provided to participants and we have
described this gap explicitly rather than presenting
the TVsub numbers as if they characterized official
test performance. The next steps include incorpo-
rating the task’s provided per-video metadata into
the prompt, adding cross-line context, evaluating
length or display aware decoding constraints, and
extending the statistical analysis in Section 6.3.1 to
the reduced-budget ablation sweeps of Section 6.4.

Open Weights

The QLoRA adapter weights (adapter_config
.json, adapter_model.safetensors; ~74MB),
tokenizer files, and chat template are publicly
available under the Apache 2.0 license at https:
//github.com/praaajg/wmt26-hymt2. These are
adapter only weights (LoRA rank 16) unlike a
merged checkpoint, intended to be loaded on top
of the frozen, 4-bit-quantized tencent/Hy-MT2-1
.8B base model via a PEFT-compatible runtime,
consistent with the training and inference pipeline
described in Sections 4 and 5.
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Idx

Source (Chinese) Pinyin

English gloss

1 XERETFESS

Zhe juy1 yangshi

héosheng tebié

2 SRCIRIRAMIE E

3 UEEATFAAR
8  MAEEHLH

9 EEREER
13 AIMEREEHHNETE

dixing

Guifei nidngniang bura
chuan shang

Rang women kaikai yan
Xiang yao hai Wan’ér de

Néndao shi Cdo pin
Kéyi qu zijin huafén de

“This style of ceremonial robe
is truly unusual.”
“Consort, why not put it on.”

“Let us see for ourselves.”
“The one who wants to harm
Wan’er.”

“Could it be Consort Cao?”
“It can remove the toxicity of
corydalis pollen.”

Table 9: Selected source lines with Pinyin and English glosses added for accessibility for the official test
demo file b4101o04evls_zh.srt

Sweep Candidate A sacreBLEU Gate out- Reason
come
Prompting bare_v1 +0.68 Blocked F35 (wdngyé, “prince”) rendered as “you’re
(printed dealing with the king of nine” and fFfE
verdict) (wiizud, “coroner”) as “a midwife who speaks
for the living ..”; inconsistent renderings
across near duplicate probes (“9th” wvs.
“ninth” prince; “zizzy” vs. “zee! zee!”)
I Rank 32/a64 (re- +0.80 Cleared, PROMOTE at A=+ 0.80 (30.29 vs. 29.49);
YPOIparameters ., cqq budget) not R3 (rank 16) outscores R1, R2 (rank 32) on
adopted every metric. Therefore, reversed at full scale.
(printed
verdict)
Repetition  penalty n/a Not No repetition collapse detected (stress grid
1.30 adopted passed on r32 adapter), but degrades con-
tent: bracketed gloss “( xian’s tianlan sect
)” became unglossed “( xianhuangzong )” at
penalty 1.30.
Previous-line context +0.13 Blocked A=+ 0.13 (29.62 vs. 29.49) below 0.5 floor;
Metadata (printed still rendered FI2 (wdngfei, “princess con-
verdict) sort”) / fFE (wiizuo, “coroner”) inconsis-
tently (3 distinct renderings each)
[Episode N1 bound- —2.39 Blocked Net negative vs. baseline (A= — 2.39: 27.10
ary tag (no  gate vs.29.49), judged on metric alone
run)
Real  title/synopsis n/a No effect Byte identical output to no-metadata baseline
(qualitative) on all 3 probes tested
Hy-MT2-7B +2.78 Cleared, Real gain (A= + 2.78: 32.27 vs. 29.49) but
L not ~4.6x wall clock cost (282.6 vs. 61.4 min)
Model / quantization adopted
(no  gate
run)
Attention-only LoRA —1.11 Not Underperforms  all-target-module  LoRA
adopted (28.38 vs. 29.49)
MLP-only LoRA —0.23 Not Underperforms  all-target-module  LoRA
adopted (29.26 vs. 29.49)
8-bit quantization +0.63 Not ~2x base-weight memory for marginal gain
adopted (40.63: 30.12 vs. 29.49)
Combined-best (2 below floor Blocked Inconsistent anchor term translations (3 dis-
variants) (printed tinct renderings each; A= — 0.49 / —0.28:
verdict) 29.00 / 29.21 vs. 29.49)

Table 10: Every candidate tested in the reduced-budget ablations, its nominal sacreBLEU delta against
the 29.49 instruction prompt baseline, and its promotion gate outcome. “Cleared, not adopted” means the
candidate passed the gate’s numeric and consistency checks but was rejected on other grounds (compute
cost, or reversal at full scale). Outcomes marked “printed verdict” are verbatim promote_or_block
outputs from the sweep notebooks. The remaining outcomes apply the same numeric and consistency

checks

without a gate run.
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Run Train Val Max total len Batch/accum r/a LR / sched Weight decay
R1 60k 500 640 8/4 32/64  2e-4 cosine 0.0
R2 100k 800 640 8/4 32/64  2e-4 cosine 0.0
R3 60k 500 640 8/4 16/32 2e-4 cosine 0.0
R4 60k 500 640 8/4 32/64  1le-4 cosine 0.01
R5 60k 500 96 8/4 32/64  1le-4 cosine 0.01
R6 100k 800 96 16/2 32/64 le-4 cosine 0.01
R7 100k 800 96 16/2 32/32  be-5 cosine 0.01
RS 100k 800 96 16/2 16/32 2e-4 cosine 0.0
R9 60k 500 96 16/2 16/32 2e-4 cosine 0.0
SubVision 60k 500 640 4/8 16/32  2e-4 cosine 0.0

Table 11: Training configurations for the nine locally trained runs (R1-R9) and the submitted system
SubVision. All runs share QLoRA target modules (g, k,v, 0, gate, up, down), gradient-norm clipping
at 1.0, and early-stopping patience 2; “Max total len” is the combined prompt-+target token budget, and
“Batch/accum” is per step batch size over gradient accumulation steps.

Source

Pinyin

Hypothesis

Reference

Highest-scoring

T, 1551
FE HF IR, 2R

R O&HE13?

Luési, xiexie

Buyao gaosu Ruiqiu,

daihul jian

Ni you kouxiangting

ma?

Thanks, Ross.

Don’t tell Rachel. I’ll see you
later.

Do you have any gum?

Ross, thank you.

Don’t tell Rachel. See you
later.

Do you have any gum?

Lowest-scoring

WK i

LIEAN M, FF 5
AEAFR—mtERE
-t R E

T&oyan la

Anjiéli xiyuan, kaiche
Ymwei wo yidian yé
b i ta, yididn yé bi

al

Oh, crap.

Cinema Angela, drive.
Because I don’t love her. I
don’t love her at all.

This sucks!
The Angelika! Go! Go!

She means nothing to me.
Nothing!

Table 12: Predictions from the 200 sentence TVSub evaluation set ranked by per-sentence sacreBLEU

with Pinyin added for the Chinese source.

2606



	Introduction
	Related Work
	Dataset and Preprocessing
	Corpus
	Sampling and Filtering
	Detokenization
	Multi-Reference SGM Parsing
	Official Test Set

	Methodology
	Base Model and Quantization
	Model Choice and Task Constraints
	System Architecture
	Prompt Format
	LoRA Reparameterization
	Training Objective
	Learning Rate Schedule
	Training Configuration
	Decoding Strategy

	Official Test Inference Pipeline
	Experiments
	Setup
	Hyperparameter Tuning
	Comparison Across Locally Trained Configurations
	Statistical Significance of the Run Comparison

	Reduced Budget Ablations Justifying Design Choices
	Baseline Comparison
	Results
	Sentence-Level Score Distribution
	Qualitative Examples

	Experimental Scope
	Limitations
	Conclusion
	Appendix

