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Abstract

Large language models (LLMs) with long con-
text windows offer the potential to translate
entire documents in a single pass, yet they
frequently suffer from catastrophic informa-
tion distortion, undermining the strict faithful-
ness required for translation. This challenge
is compounded by the scarcity of document-
level parallel data, which makes both super-
vised fine-tuning and reliable evaluation pro-
hibitively expensive. We propose LongDu, a
self-supervised post-training framework that
improves long-document translation reliability
via round-trip consistency. Given monolingual
documents, LongDu samples multiple candi-
date translations, back-translates each candi-
date, and optimizes the model to prefer transla-
tions that best reconstruct the source. To make
this signal robust for long-form generation, we
design a reward that filters trivial failure modes
(e.g., copying and local language drift) before
applying a reconstruction and fluency score, en-
abling stable reinforcement learning without
human annotations. We additionally introduce
Long-CIRT, an automatic evaluation protocol
that quantifies information distortion by mea-
suring how much a LLM’s performance de-
grades after a translation cycle. Across multiple
base models, LongDu substantially improves
information retention and translation quality,
with gains that generalize beyond the training
length range and to unseen target languages.

1 Introduction

The emergence of long-context large language mod-
els (LLMs) (Yang et al., 2025a; Team et al., 2025;
DeepMind, 2025) makes end-to-end document-
level translation feasible: a single LLM can con-
dition on thousands of tokens and translate an en-
tire document in one pass, potentially improving
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discourse-level consistency in terminology, corefer-
ence, and style. Yet, when both inputs and outputs
become long, LLMs often exhibit silent but catas-
trophic information distortion (Liu et al., 2024a;
Tu et al., 2025; Weng et al., 2020), especially omis-
sions and long-range drift, which is unacceptable
for translation.

Unlike sentence-level translation where parallel
corpora abound (Cheng et al., 2025; Zheng et al.,
2025; Luo et al., 2025), document-level parallel
data remains scarce (Jin et al., 2023; Wang et al.,
2023; Maruf et al., 2022), as manually translating
and annotating lengthy documents is prohibitively
costly. Meanwhile, existing evaluation and reward
signals are poorly suited for long outputs: widely-
used learned metrics (Sellam et al., 2020; Rei et al.,
2020; Zhang et al., 2020) have limited input lengths,
and long-context benchmarks (Bai et al., 2025;
Hsieh et al., 2024) largely focus on “long input —
short output” comprehension rather than faithful
long-form translation. As a result, we lack scal-
able ways to both train and measure long-context
translation reliability.

We propose LongDu, a self-supervised post-
training framework that turns round-trip consis-
tency into scalable supervision for long-document
translation. Given a monolingual source document,
LongDu samples a group of candidate translations,
back-translates each candidate, and rewards trans-
lations that better reconstruct the source. The key
insight is simple: if the forward translation omits or
distort information, that information cannot be reli-
ably recovered in the backward direction, yielding
a measurable training signal.

To make this signal robust for long-form transla-
tion, we introduce a “Stick—Carrot” reward: we first
filter and penalize long-form translation reward-
hacking (e.g., source copying and local language
drift) with a window-level language constraint, and
then apply a reconstruction score with a fluency
term, enabling stable optimization with reinforce-
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ment learning.

To evaluate information retention, we introduce
Long-CIRT, an automatic protocol that measures
downstream sensitivity to translation-induced dis-
tortion. Unlike our training-time reconstruction
reward, Long-CIRT fixes a solver and a question
set, and compares solver’s accuracy on the original
document versus on the round-tripped reconstruc-
tion. By back-translating to the source language
and keeping solver and questions unchanged, the re-
sulting accuracy drop isolates information changes
introduced by the translation cycle rather than con-
founding cross-lingual QA ability.

Empirically, LongDu yields consistent gains
across model families: for Qwen3-4B-Instruct, av-
erage BLEU improves from 49.21 to 55.10, and for
Qwen3-30B-A3B-Instruct from 51.99 to 58.49; it
also substantially mitigates the long-document fail-
ure of a translation-specialized model (LMT-60-8B:
10.48 — 29.61 BLEU). Beyond translation quality,
Long-CIRT confirms improved information reten-
tion, reducing distortion after a translation cycle
(e.g., QER 2.18 — 1.03 and DER 24 — 17 with a
fixed solver), and our analysis shows these gains
generalize beyond the training length range up to
16k tokens and transfer to unseen target languages.
Overall, LongDu and Long-CIRT offer a practical
step toward reliable document-level MT at scale,
enabling reference-free optimization and measure-
ment of information preservation in long-context
translation.

2 Related Work

2.1 Long Context and Machine Translation

Although position-encoding extensions (Su et al.,
2023; Press et al., 2022; Peng et al., 2023; Chen
et al., 2023) and continued pre-training on long-
context data (Chen et al., 2024b) have enabled
some progress in scaling large language models
(LLMs) to longer contexts, these approaches often
rely on curated long-context corpora and costly hu-
man annotations. Meanwhile, existing benchmarks
such as RULER (Hsieh et al., 2024) and Long-
Bench (Bai et al., 2025) primarily evaluate mod-
els’ comprehension of long inputs (i.e., the long
input — short output setting), leaving long-form
generation and information retention relatively un-
derexplored (Liu et al., 2024b). Document-level
machine translation (DocMT) naturally stresses
both capabilities: it requires holistic understand-
ing of long inputs and the production of long out-

puts that remain faithful to the source. However,
most translation datasets and LLM-based transla-
tion systems (Cheng et al., 2025; Zheng et al., 2025;
Luo et al., 2025) are still predominantly sentence-
level, where inputs are typically only a few hundred
tokens. Prior DocMT work has largely focused
on discourse-level consistency (Voita et al., 2019;
Jiang et al., 2021), and investigation of long-context
DocMT in the LLM era remains limited.

2.2 Dual Learning

Dual learning enhances model performance by
leveraging intrinsic task symmetry, where a pri-
mal task and its complementary dual task mutually
provide supervision. He et al. (2016) first intro-
duced dual learning for machine translation, which
uses bidirectional tasks (e.g., En—Zh and Zh—En)
to generate pseudo-labels via back-translation (Sen-
nrich et al., 2016), reducing reliance on paral-
lel corpora—a breakthrough for low-resource lan-
guage pairs. Building on this foundation, the
paradigm has proven highly versatile—spanning
multi-modal (Yi et al., 2017; Zhu et al., 2017) and
knowledge reasoning (Dognin et al., 2020), and ex-
tending to reinforcement learning (Luo et al., 2019;
Bahng et al., 2025). In modern LLMs, it further
refines output quality and enforces semantic con-
sistency (Zou et al., 2025; Chen et al., 2024a). Re-
cently, DuPO (She et al., 2025) design complemen-
tary duality to extend dual-learning to asymmetric
tasks such as math reasoning. However, extending
this self-supervised paradigm to the long-context
setting presents unique challenges regarding infor-
mation retention and scalability that have not yet
been investigated.

3 Method

In this section, we exploit the task symmetry of
translation to build a round-trip framework for
faithfulness of long-context translation, covering
both optimization and evaluation. We first present
LongDu, a training method that improves infor-
mation retention without external supervision, and
then introduce Long-CIRT, an automatic evaluation
protocol that quantifies translation-induced infor-
mation distortion.

3.1 Problem Formulation: Translation as
Information Conservation

Let x be a document written in the source language
Ly, and let y be its translation in the target language
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Figure 1: Overview of LongDu training (left) and Long-CIRT evaluation (right). LongDu (left): given a
source-language document z, the policy 7y samples candidate translations {y;} in the target language; each y; is
back-translated to a reconstruction ; in the source language (Eq. 1). The policy is optimized (e.g., via GRPO) to
prefer candidates with higher rewards based on reconstructability. Long-CIRT (right): each document z is paired
with a probe question set @, = {¢;} and gold answers. A fixed solver S answers the same questions using each
reconstructed document z;; translation-induced information distortion is quantified by the solver’s error increase

(e.g., QER/DER) after the translation cycle.

L, generated by a policy 7. Long-context transla-
tion failures are often “silent”: translations remain
fluent yet distort or omit entire paragraphs, entities,
or numbers. Catching or correcting these omissions
at scale is challenging, since document-level paral-
lel corpora are scarce and reference-based evalua-
tion are expensive.

We instead leverage a simple observation. If the
forward translation y under-translates (omits), over-
translates (adds), or mistranslates salient content
in x, then even a strong back-translation system
cannot reliably reconstruct the original z.

Therefore, the quality of the reconstructed docu-
ment £ after a translation cycle provides a natural,
reference-free proxy for faithfulness. Concretely,
we form a round-trip trajectory

7T9('|£E,Lt) ﬂ'l:wnck(":’h[/s) A~

, )

and define a reconstruction-based reward that
prefers translations that better preserve the infor-
mation needed to recover the source:

R(z,y) 2 Rec(z, ). (2)

We could instantiate Rec(-) with a length-robust
text reconstruction score (Sec. 3.2), enabling scal-
able reinforcement learning on long documents
efficiently and robustly.

A practical challenge is that round-trip training
is prone to reward hacking in long-form transla-
tion: an LLM can inflate reconstruction reward by
copying source-language spans or producing non-
translation outputs, which destabilizes optimization

and reinforces degeneration. LongDu addresses
this by using a reward design that first enforces a
strict validity filter (“Stick™) and then applies the
reconstruction and fluency score (“Carrot”).

3.2 Optimization Framework: LongDu

We assume access to a monolingual corpus Dyone
in Ls. Given £ ~ Dipone, Our goal is to improve
the translation model 7y (y | =, Ly)

Round-trip trajectory sampling. For each
source document x, we sample a group of vari-
ous candidate translations {yi}zG:l from the current
policy model. We then back-translate each candi-
date to obtain its reconstruction. To reduce reward
variance, we use deterministic decoding for back-
translation:

:i’i = arg mmfix 7I'back(‘% | Yi, LS) 3)

Notice that we can set mp,oc = g (utiliz-
ing the same LLM prompted for the reverse di-
rection), yielding a fully self-contained training
loop. Meanwhile, as training progresses, the
model’s evolving capabilities naturally enhance
the back-translation process, fostering a mutually
reinforcing co-evolution. Compared to standard
RL, LongDu only adds one deterministic back-
translation per sampled translation during rollout,
so the rollout cost increases by up to ~ 2x while
the parameter-updating stage remains unchanged
(and no extra model is needed when 7,40 = 7p).

Constraints for Language and Fluency. Long
translations often fail locally (e.g., a few tokens
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revert to L), so document-level checks are insuffi-
cient. We segment y into K overlapping windows
{wg(y) H< | and compute a violation rate using a
language identifier LID(-):

K
v(y) = ;;H[LID(wk(y)) # L. 4

This windowed constraint effectively filters tra-
jectories with local language drift and source-
language copying. More details in Appendix A.1.
Meanwhile, solely optimizing reconstruction can
lead to “unnatural encoding”, where the model gen-
erates unnatural gibberish that is nonetheless easily
reconstructible. To enforce high-quality generation,
we introduce a fluency reward Rgy(y;) by comput-
ing the geometric mean of token probabilities as-
signed by the reference policy mf (€.g., the initial
LLM, as a standard practice in RL fine-tuning).

Reward Function. We assign each forward trans-
lation a reward as below:

ifv(y) > 7,
otherwise,
)

We adopt BLEU (Papineni et al., 2002) as a scal-
able proxy for reconstruction quality. While BLEU
is an n-gram overlap metric and does not fully cap-
ture semantic equivalence, it offers two practical
advantages that are critical: it imposes no hard
constraint on input length and is computationally
lightweight, making it feasible for long-document
optimization, unlike learned metrics that require
aggressive truncation or incur prohibitive cost. Im-
portantly, reconstruction is evaluated in the same
source language (L), under which BLEU’s sensi-
tivity to n-gram mismatches serves as an effective
heuristic for detecting content omission and distor-
tion, rather than stylistic variation.

e >—{‘1
"7 Reeel@, ) + Ruu(y),

Policy Optimization. The core of our framework
is to optimize LLMs using the reward r(z, y), with-
out external annotations. The objective is to maxi-
mize the expected reward based on:

\-7<9) = Eyf\‘ﬂ'g(yll‘) [7“(.%', y)} ’ (6)

where mg(y|x) denotes the policy LLM for gen-
erating output y. Notably, LongDu is compatible
with various RL algorithms (e.g., PPO (Schulman
et al., 2017)), we adopt GRPO (Shao et al., 2024)
in our experiments for its simplicity and efficiency.

3.3 Evaluation Protocol: Long-CIRT

We introduce Long-CIRT, a Long Context
Information Retention Test protocol that quantifies
translation-induced information distortion without
additional human annotation.

Preparation. Our evaluation can be instantiated
with any long-context benchmark that provides
(document, task, answer) pairs. In this work, we
use long-context QA as an example: each instance
contains a source-language document z € Lg, a
question set (), with gold labels {l,},cq., -

We use LongBioBench (Yang et al., 2025b)
which constructs seamless contexts, mitigating
shortcut cues common in NIAH-style benchmarks,
an important property for our translation-based
stress tests. Moreover, the data generator is control-
lable and length scalable, while remaining highly
consistent with performance on real-world long-
document tasks. More details about our settings
can refer to Appendix A.2.

Round-trip translation and QA. We choose an
LLM with basic QA capability as the solver S.
Based on the original document z, S achieves a
baseline accuracy Accpase by answering @Q,. For
a translation model 7wy under evaluation, we then
obtain (y, ) via the translation cycle discussed in
Sec 3.1, where we set Th,ck = g (the same model
prompted for the reverse direction). We run the
same solver S on the same questions @), but condi-
tioned on the reconstructed document z, yielding
Acc,t. If the translation process loses information,
S will be less able to answer correctly from &, and
the resulting accuracy drop reflects information dis-
tortion.

Importantly, since both QA runs are performed
in the same language L (after back-translation),
the metric is not confounded by the solver’s cross-
lingual QA ability. Moreover, we compare relative
degradation under fixed S and fixed )., which
reduces sensitivity to the absolute strength of .S.

Metrics. We evaluate information distortion us-
ing two error rates computed over the test set. Ques-
tion Error Rate (QER) measures the average frac-
tion of questions that are answered incorrectly, re-
flecting the severity of information loss. Document
Error Rate (DER) measures the fraction of docu-
ments for which at least one associated question
is answered incorrectly, capturing the breadth of
affected content.
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Formally, let the test set be D = {z1,...,zn},
where each document x; is associated with a ques-
tion set ), and ground-truth labels {l;}qeq,. -
Given a fixed solver S(-,-) and a reconstructed
document Z;, we define:

QER= —— I[S (i, q) # lg]
Zz 1 |sz ;Q;Qz
1 N
DER = — ;H[Elq € Qu;» S(&4,q) # 1) -

(7N

Although we instantiate LONG-CIRT with long-

context QA, the same idea applies to other long-

context tasks (e.g., long context summarization)

with automatic verification: fix a downstream

solver and measure its performance change after a
translation cycle.

4 Experiment

We validate the efficacy of LongDu on long-
document translation. Below, we detail the experi-
mental setup, followed by main results.

4.1 Experiment Setup

Base Model. We evaluate LongDu on a diverse
set of base models to demonstrate its effective-
ness and robustness across different scales and spe-
cializations. Our primary base model is Qwen3-
4B-Instruct-2507 (Yang et al., 2025a), a competi-
tive open-source model that enables rapid and di-
verse experimentation. To assess scalability, we
apply LongDu to a much stronger, 30B parame-
ter MoE model, Qwen3-30B-A3B-Instruct (Yang
et al.,, 2025a). We also evaluate QwenLong-
L1.5-30B-A3B (Shen et al., 2025), a model opti-
mized via reinforcement learning on synthetic data
that achieves SOTA performance on long-context
benchmarks. Furthermore, to examine its impact
on models already specialized for translation, we
use LMT-60-8B (Luo et al., 2025), which has
been extensively trained on sentence-level trans-
lation. For comparison, we benchmark against a
suite of state-of-the-art ultra large models, includ-
ing DeepSeek-V3.1 (DeepSeek-Al et al., 2025),
Doubao-Seed-1.6 (ByteDance Seed Team, 2025),
Qwen3-235B-A22B (Yang et al., 2025a), and Kimi-
K2-Thinking (Team et al., 2025), establishing a
comprehensive evaluation landscape.

Dataset. We source our monolingual data from
FineWeb-Edu (Penedo et al., 2024), a popular pre-

training corpus for its high quality and diverse con-
tent. Based on the Qwen3 tokenizer, we sample
100k English documents between 0.5k and 2k to-
kens for training. We format the instruction to let
LLM translate the English document to Chinese.
For evaluation, our test set is stratified by length,
comprising 200 documents from each bin within
the 0.5k to 16k token range. All evaluation data
is sourced from files disjoint from the training set.
References for this test set are generated using the
SOTA long-context LLM Gemini-2.5-Pro (Deep-
Mind, 2025), exclusively used for evaluation.

Metrics. For translation quality, we report
BLEU (Papineni et al., 2002) against references
generated by Gemini-2.5-Pro. We exclude promi-
nent encoder-based metrics like BLEURT (Sellam
et al., 2020) and COMET (Rei et al., 2020), as their
strict input length limits (e.g., 512 tokens) would
necessitate severe truncation for our document-
level tasks, rendering the scores unreliable. To
capture semantic and discourse-level failures, we
supplement this with an LLM-as-a-Judge frame-
work. We prompt GPT-5.2-High to identify errors
and apply weighted penalties based on their sever-
ity: 5 points for lexical, 10 for syntactic, and a
substantial 50-point penalty for discourse-level er-
rors (e.g., information omission or inconsistency).

For information retention, we then measure the
accuracy drop when a fixed LLM as solver to an-
swer based on the reconstructed document versus
the original. A smaller accuracy drop indicates
better information preservation. This metric di-
rectly targets the long-context failure mode we aim
to address, content omission, which surface-level
metrics like BLEU may miss. More details about
training are provided in Appendix A.1.

4.2 Main Result

4.2.1 LongDu Improves Long-Document
Translation without Parallel Data

Results from both automatic metrics and LLM-as-
a-judge consistently show that LongDu improves
the quality and faithfulness of long-document trans-
lation, indicating genuine translation gains, despite
using no parallel data or human supervision.

As shown in Table 1, applying LongDu to
Qwen3-4B-Instruct boosts the average BLEU score
from 49.21 to 55.10 (+5.89), enabling a com-
pact 4B model to rival and even surpass much
larger LL.Ms, including DeepSeek-V3.1 (50.20)
and Doubao-Seed-1.6 (50.29). Complementing

27273



Context Length (K)

Model Avg.
0.5K-1K 1K-2K 2K-4K 4K-8K 8K-16K
DeepSeek-V3.1 49.12 50.02 51.76 51.56 48.55 50.20
Doubao-Seed-1.6-251015 49.31 50.54 51.79 51.69 48.12 50.29
QwenLong-L.1.5-30B-A3B 51.41 52.39 53.61 51.76 49.50 51.73
Qwen3-235B-A22B-Instruct-2507 55.03 55.49 57.35 58.31 58.53 56.94
Kimi-K2-thinking-251104 59.64 61.02 61.49 59.60 56.39 59.63
LMT-60-8B 33.36 15.79 3.13 0.12 0.02 10.48
w/ LongDu (ours) 51.34 50.64 38.76 6.99 0.30 29.61
Qwen3-4B-Instruct-2507 46.79 47.48 49.40 50.14 52.23 49.21
w/ LongDu (ours) 52.97 54.25 56.61 55.95 55.74 55.10
Qwen3-30B-A3B-Instruct-2507 50.63 50.47 52.06 51.72 55.07 51.99
w/ LongDu (ours) 56.29 57.56 60.06 59.03 59.51 58.49

Table 1: Performance comparison on the Long Document Translation Benchmark across varying context
lengths (0.5K to 16K tokens). We report BLEU scores against reference from Gemini-2.5-Pro. LongDu consistently
improves long-document translation across model families and length buckets, and partially mitigates catastrophic

long-context degradation.

these BLEU gains, Figure 2 shows that LongDu
consistently reduces translation errors and im-
proves faithfulness across all tested lengths, indi-
cating fewer severe discourse-level issues such as
omissions and inconsistencies.

Importantly, the gains are not confined to a sin-
gle backbone: LongDu improves both translation-
specialized and general-purpose LLMs. For in-
stance, it raises the average BLEU of LMT-60-
8B from 10.48 to 29.61, and consistently benefits
larger, stronger models such as Qwen3-30B-A3B-
Instruct (51.99 — 58.49), demonstrating the robust-
ness of our optimization across model scales.

4.2.2 Pitfall of Current Translation LLM and
Long Context Post-Training

These comparisons also reveal critical limitations
of existing paradigms for long-document transla-
tion. First, models extensively trained for sentence-
level MT can degrade catastrophically as input
length grows. As shown in Table 1, LMT-60-8B
drops from 33.36 BLEU at 0.5K-1K to 15.79 at
1K-2K, and becomes nearly unusable beyond 2K
(3.13/0.12/0.02 BLEU), where we frequently ob-
serve very severely truncated outputs. This sug-
gests that conventional MT LLM training (e.g., ex-
tensive CPT/SFT on sentence-level parallel data)
substantially improves short-context translation yet
fails to enforce document-level coverage and infor-
mation preservation.

Conversely, generic long-context adaptation
alone is insufficient. Despite being optimized
for long-context usage like QA, QwenLong-L1.5-
30B-A3B does not improve long-document trans-

90

86.1 3 Qwen3-4B-Instruct-2507
81.3 EE w/LongDu (ours)

80 78.0
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Figure 2: LLM-as-judge scores of translation quality
(0-100; higher is better) across input-length buckets.
We assess each model via GPT-5.2-High with weighted
penalties for errors. LongDu yields consistently higher
scores at every context length, indicating fewer severe
long-document translation failures such as omissions
and inconsistencies.

lation over its similar-size baseline Qwen3-30B-
A3B-Instruct-2507 (51.73 vs. 51.99 BLEU on aver-
age), indicating that extending or optimizing long-
context capabilities without translation-specific
faithfulness supervision does not reliably trans-
fer to this setting. Together, these observations
motivate LongDu, which directly targets informa-
tion preservation in long-document translation via
cyclic consistency without parallel data.

4.2.3 LongDu Generalizes Beyond the
Training Length Range

To stress-test length generalization, we deliberately

restrict LongDu training to relatively short docu-
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ments (0.5k—2k tokens), and evaluate on substan-
tially longer inputs up to 16k tokens. Table 1 shows
that LongDu improves translation quality not only
within the training band, but also beyond it. For
Qwen3-4B, BLEU increases by +6.18 (0.5k—1k)
and +6.77 (1k-2k) in-range, while remaining con-
sistently positive out-of-distribution: +7.21 on 2k—
4k, +5.81 on 4k—8k, and +3.51 on 8k—16k. Impor-
tantly, this trend is corroborated by the LLM-as-
judge scores in Figure 2, which rise across every
length bucket (e.g., 0.5k—1k: 81.3—86.1; 1k—2k:
72.5—78.0 ; 2k—4k: 67.8—72.9), indicating fewer
severe long-document errors rather than mere lexi-
cal matching.

We further observe a length-dependent pattern:
improvements persist beyond the 0.5k—2k training
regime but taper at very long contexts (Table 1). A
plausible explanation is that long-document trans-
lation amplifies error accumulation: small local
mistakes (e.g., partial omissions or subtle drift)
can propagate across sections, and maintaining
discourse-level consistency becomes increasingly
difficult as the context expands. This is consistent
with the LL.M-as-judge trends in Figure 2, which
show universal gains yet smaller increments in the
8k—16k range where omission is more severe.

4.2.4 LongDu Reduces Information Distortion

We further assess faithfulness on Long-CIRT,
which isolates translation-induced information loss
via a round-trip QA protocol. Table 2 shows
that applying LongDu consistently reduces both
QER and DER across solvers and base trans-
lation systems. For Qwen3-4B-Instruct-2507,
LongDu lowers DER from 24.0—17.0 and QER
from 2.18—1.03 under Doubao-1.6-Thinking, and
yields analogous gains with a weaker Qwen3-30B-
A3B solver (DER: 30.5—26.5; QER: 2.74—1.94).
Notably, LongDu also mitigates the severe dis-
tortion exhibited by translation-specialized LMT-
60-8B on long documents, reducing QER from
68.18—62.36 and DER from 72.5—70.5 with
Seed-1.6-Thinking, and from 69.03—60.72 (QER)
and 75.0—70.75 (DER) with Qwen3-30B-A3B.
These consistent reductions directly support our
central hypothesis: optimizing round-trip recon-
structability makes omissions costly, if a forward
translation discards high-entropy details (e.g., en-
tities, dates, or relations), they cannot be reliably
recovered in Z, leading to downstream QA failures.
The similar trend also indicates that we focus on
relative performance changes, implying that our

System QER (%) DER (%) |

Solver: Qwen3-30B-A3B-Instruct-2507

Original Source Text 0.13 2.50
LMT-60-8B 69.03 75.00
w/ LongDu (ours) 60.72 70.75
Qwen3-4B-Instruct-2507 2.74 30.50
w/ LongDu (ours) 1.94 26.50
Solver: Doubao-1.6-Thinking
Original Source Text 0.00 0.00
LMT-60-8B 68.18 72.50
w/ LongDu (ours) 62.36 70.50
Qwen3-4B-Instruct-2507 2.18 24.00
w/ LongDu (ours) 1.03 17.00

Table 2: Evaluation of Information Retention on Long-
CIRT. We report the Error Rate (ER) on questions and
document to measure faithfulness. Lower ER indicates
that the translation preserves more specific factual de-
tails required to answer the questions. LongDu reduces
ER, quantitatively demonstrating reduced information
loss during the translation process.

approach does not strictly require a highly capable
solver and thus enjoys broader applications.

4.2.5 LongDu Generalizes Across Languages

LongDu generalizes beyond the training language
pair. Although LongDu training is conducted on
English-Chinese, Figure 3 shows consistent BLEU
improvements when evaluating on translations into
(e.g., Thai, Japanese, German, and Spanish). This
suggests that the learned preference signal pri-
marily strengthens a general long-context reten-
tion behavior—maintaining recoverable informa-
tion across long horizons—rather than learning
language-pair-specific heuristics. Consequently,
LongDu can transfer its benefits to unseen target
languages, supporting scalable long-context post-
training without language-specific annotation.

4.2.6 LongDu Generalizes Beyond Translation

We adopt LongGenBench (Liu et al., 2024b), a
benchmark for long-form generation that requires
16K-token outputs while following structured con-
straints (single-point, range, and periodic instruc-
tions) across strictly sequential subtasks (e.g., diary
writing, menu planning, and urban planning). Fol-
lowing the official protocol, we report (i) STIC-1/2,
the specific-instruction completion rate computed
over generated subtasks and over the full required
instruction set respectively, and (ii) wAvg = CR
x STIC-2 (CR, the main-task completion rate) ,
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Figure 3: Cross-lingual generalization: BLEU (aver-
aged over length buckets) for translating English long
documents into four unseen target languages (Thai,
Japanese, German, Spanish). Although trained only on
English-Chinese, LongDu consistently improves perfor-
mance across diverse languages, suggesting a language-
agnostic gain in long-context information retention.

System STIC-1 STIC-2 wAvg
Qwen3-4B-Instruct-2507 30.0 29.0 28.8
w/ LongDu (ours) 31.0 31.0 30.6

Table 3: Task Generalization on LongGen-Bench. We
evaluate whether the capability learned via LongDu
transfers to general long-form generation tasks beyond
translation. STIC metrics measure strict instruction
compliance (e.g., constraints on length or formatting).
Results show that LongDu improves constraint satis-
faction, suggesting the model acquires a transferable
competence in controlled long-context generation.

which penalizes incomplete generation. As shown
in Table 3, applying LongDu improves STIC-2
from 29.0 to 31.0 and wAvg from 28.8 to 30.6 un-
der the 16K setting, indicating better long-horizon
constraint tracking. These results demonstrate that
LongDu learns a transferable competence for con-
trolled long-form generation beyond translation.

4.2.7 LongDu Yields Stable and Progressive
Improvements

Figure 4 tracks LongDu training on a translation-
expert LLM (LMT-60-8B) and a general instruc-
tion model (Qwen3-4B-Instruct-2507). The lan-
guage consistency remains above 99.5% for all
steps, showing stable optimization and indicating
that our reward design effectively prevents reward
hacking via copying the source text, keeping pro-
ducing genuine translation.

Meanwhile, the reconstruction score increases

—e— LMT-60-8B  —=— Qwen3-4B-Instruct-2507
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Figure 4: Training dynamics of LongDu. We report
the language consistency score (left) and reconstruction
score (right) throughout RL training for two base mod-
els. LongDu maintains near-perfect language consis-
tency while steadily improving reconstruction quality.

steadily, suggesting that LongDu progressively
strengthens long-context reconstruction and thus
better preserves document-level semantics and
facts. Notably, LMT-60-8B starts with a much
lower reconstruction score, consistent with its
sentence-level translation bias and weaker long-
document ability, but improves rapidly during train-
ing, whereas Qwen3 starts higher and improves
more smoothly. These dynamics align with the
large gains in long-context translation quality re-
ported in Table 1.

5 Conclusion

In this work, we study faithfulness degradation in
end-to-end long-context translation, where human
supervision is prohibitively expensive and tradi-
tional metrics fall short. We introduce LongDu,
a self-supervised framework that leverages round-
trip reconstruction as a training signal and opti-
mizes with RL to better preserve information with-
out requiring document-level parallel data. To eval-
uate translation-induced information loss automati-
cally, we further propose Long-CIRT, a round-trip
evaluation protocol that fixes an external solver
and quantifies the accuracy drop on reconstructed
documents. Across multiple backbones and a
wide range of document lengths, LongDu consis-
tently improves both translation quality and faith-
fulness, and transfers to held-out language pairs
and length regimes beyond training. Overall, our
work demonstrates a practical approach to derive
self-supervised signals for both training and evalu-
ation in the challenging long-context setting, offer-
ing a promising direction for future research.
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Limitations

Although our reward design includes explicit lan-
guage constraints and a fluency term, and our LLM-
as-a-judge evaluation suggests improved trans-
lation quality, LongDu may nonetheless alter a
model’s original translation style, potentially bi-
asing it toward more direct and concise (i.e., more
literal) renderings. Carefully characterizing and
controlling such stylistic drift, especially for do-
mains where tone, register, and authorial voice
matter, is left to future work. Moreover, due to
computational constraints, our experiments scale
post-training only up to 30B-parameter backbones
and train on documents up to 2K tokens; we plan to
further scale along model strength, context length,
and language coverage to push the frontier of long-
document translation.

Meanwhile, our method appears to rely on a
basic baseline long-context competence from the
base model. Take LMT-60-8B as the example,
while LongDu substantially mitigates omission
issues within the 0-2K regime, performance re-
mains noticeably weaker when extending to much
longer contexts (e.g., 4-16K). Developing training
strategies that better bridge this gap, such as multi-
round/iterative post-training curricula, or coupling
with monolingual long-context corpora is an impor-
tant direction for our future work.
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A Appendix

A.1 Experimental Setup Details

Reinforcement Learning Configuration We im-
plement our reinforcement learning (RL) pipeline
using the veRL (Sheng et al., 2024). For each opti-
mization step, we employ a global batch size of 128
prompts. We perform 1" = 1 rollout per iteration
with n = 32 responses sampled for each prompt.
The maximum input prompt length is capped at
the maximum length of the corresponding dataset,
while the maximum generation length is dynami-
cally set to 1.5 % the input length.

We utilize the Adam (Kingma and Ba, 2017)
optimizer with a learning rate of 1 x 1075 and a
weight decay of 0.1. Notably, the KL divergence
coefficient is set to 0 in our primary experiments
to allow the policy maximum flexibility within the
constrained action space. For the PPO clipping
mechanism, we adopt a specialized configuration
with €5,y = 0.2, €pigp = 0.28, and €, = 10 as
default setting in veRL.

Evaluation Configuration For models with pre-
defined prompts (e.g., LMT-60-8B), we follow
their settings. For general LLMs, we use the de-
fault prompt A.1; for reasoning models, we remove
the reasoning traces and extract only the translation
for evaluation.

To ensure reproducibility, we employ greedy de-
coding with a temperature of 7' = (. The maxi-
mum output token limit is extended to the model’s
architectural maximum to prevent truncation.

Language Identification We segment each gen-
erated translation using fixed-size windows of three
words/characters. For each segment, we apply an
off-the-shelf language identification tool and com-
pute the fraction of segments whose detected lan-
guage does not match the target language. Trans-
lations with a violation rate above 5% are treated
as invalid, effectively filtering local language drift
and source-language copying.

Prompt template for translation

Please translate the following text
directly into {tgt_lang} without
any explanation.

{text}

A.2 LongBioBench Setup Details

We place 30 probe questions at uniformly spaced
positions ranging from the top 10% to 80% of
each document. Each question is multiple-choice
with seven options to reduce the chance of random
guessing. We construct four document-length bins
(1, 2, 4, and 8). For each length bin, we sample
100 documents and generate 3,000 questions in
total. For evaluation, we only extract the final cho-
sen option from the model output and verify its
correctness.

A.3 Information About Use Of AI Assistants

Al Assistants is only used during the writing pro-
cess, primarily to check spelling and grammatical
errors; all outputs and suggestions from the Al
Assistants are manually reviewed.

A.4 Used Scientific Artifacts

Below are the scientific artifacts used in our work.
For the sake of ethics, our use of these artifacts is
consistent with their intended use.

» Transformers (Apache-2.0 license), a frame-
work to facilitate downloading and training
state-of-the-art pretrained models.

* FineWeb-Edu ((ODC-By) v1.0 license), A pre-
training dataset sourced from internet text,
used for LLM training.

* veRL (Apache-2.0 license), A reinforcement
learning code framework for training LLMs.

27280



