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Abstract

Large Language Models (LLMs) have achieved
remarkable strides in multilingual translation
but are hindered by a systemic cross-lingual ver-
bosity bias, rendering them unsuitable for strict
time-constrained tasks like subtitling and dub-
bing. Current prompt-engineering approaches
struggle to resolve this conflict between seman-
tic fidelity and rigid temporal feasibility. To
bridge this gap, we first introduce Sand-Glass,
a benchmark specifically designed to evaluate
translation under syllable-level duration con-
straints. Furthermore, we propose HOMURA, a
reinforcement learning framework that explic-
itly optimizes the trade-off between semantic
preservation and temporal compliance. By em-
ploying a constrained reinforcement learning
objective featuring a novel dynamic syllable-
ratio reward, HOMURA effectively "tames" the
output length. Experimental results demon-
strate that HOMURA significantly outperforms
strong baselines, achieving precise length con-
trol that respects linguistic density hierarchies
without compromising semantic adequacy.

1 Introduction

With the rapid advancement of Large Lan-
guage Models (LLMs), their multilingual capabil-
ities have achieved unprecedented semantic ade-
quacy and fluency in Neural Machine Translation
(NMT) (Hendy et al., 2023; Jiao et al., 2023; Zhu
et al., 2024). However, this linguistic prowess is
accompanied by a systemic cross-lingual verbosity
bias (Briakou et al., 2024; Manakhimova et al.,
2024). As illustrated in Figure 1, LLM-generated
translations tend to be significantly longer than
source utterances, a "chattiness" that persists even
when semantic content remains constant. While
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Figure 1: Illustration of cross-lingual verbosity bias. Un-
like forward metrics, the Roundtrip Expansion Ratio
Prip isolates model-induced redundancy from linguistic
density shifts. A value of pyp > 1.0 indicates systemic
inflation despite constant semantic content. Formal defi-
nition and diagnostic study are provided in Section 2.
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acceptable in general text generation, this expan-
sion fails in time-constrained multimedia localiza-
tion (e.g., subtitles, dubbing, interpretation), where
translation length constitutes a rigid temporal bud-
get that strictly limits output duration (Karakanta
et al., 2020b; Jgrgensen and Mengshoel, 2025;
Gaido et al., 2024). To operationalize the tempo-
ral budget, we approximate the available speaking
time with a temporally grounded syllable budget
scaled to each target language.

Viewed through an information-theoretic lens
(Shannon, 1948; Davisson, 1972), these temporal
budgets act as a strict rate constraint: with a lim-
ited number of target syllables available, the model
must pack maximal meaning into minimal length,
operating near a rate-distortion limit on the achiev-
able fidelity compression trade-off. In our setting,
the rate is the syllable budget, and distortion can
be understood as the loss in meaning.

Unfortunately, off-the-shelf LLMs struggle to
respect these limits. This failure is rooted in the
post-training alignment process, where learned re-
ward models frequently exhibit a "length bias" that
conflates verbosity with quality (Saito et al., 2023;
Singhal et al., 2023). Moreover, cross-lingual ty-
pological differences systematically skew length
ratios, transforming length control from a format-
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ting task into a first-class modeling challenge. !

To address this fundamental mismatch between
LLM capabilities and temporal constraints, we ar-
gue that length control should be treated as an
optimization objective rather than a post-hoc ad-
justment. To this end, we first operationalize the
problem by constructing Sand-Glass, a dedicated
benchmark for time-constrained media localiza-
tion. The name reflects the rigid temporal budget
that "drains" as the model produces redundant to-
kens. Unlike generic translation datasets, Sand-
Glass incorporates syllable-based duration proxies
calibrated by Information Density (ID), derived
from real-world colloquial subtitles enabling pre-
cise evaluation of length compliance.

Building on this testbed, we propose HOMURA
(Hard Optimization for Multilingual Utterance
Reduction and Alignment), a reinforcement learn-
ing framework designed to “tame the sandglass”
by explicitly regulating translation length without
requiring supervised compression datasets. Instead
of relying on brittle prompts, HOMURA optimizes
the quality compression trade-off directly. We de-
sign a novel reference-free reward function that
combines a dynamic syllable ratio penalty with a
semantic fidelity reward, encouraging the model
to condense information density without sacrific-
ing core meaning. Our core contributions are as
follows:

* Diagnostic Analysis: We systematically quan-
tify the verbosity bias in LLM-based transla-
tion under temporal constraints, providing cross-
lingual diagnostics (e.g., the py;, metric) that re-
veal the limitations of unconstrained models as
visualized in Figure 1.

* Benchmark Construction: We introduce SAND-
GLASS, a specialized dataset tailored for time-
constrained translation, featuring syllable-level
duration budgets to simulate real-world dubbing
and subtitling scenarios.

* Methodological Innovation: We introduce Ho-
MURA, a constrained RL framework for tempo-
rally grounded translation, which substantially
improves budget compliance while maintaining
semantic fidelity over strong LLM baselines.

2 Pilot Study: Benchmark and Verbosity
Bias

2.1 The Sand-Glass Benchmark

To diagnose cross-lingual verbosity bias under tem-
poral constraints, we introduce SAND-GLASS, a
benchmark built from colloquial video transcripts.
We collect real-world videos from five domains—
Gaming, Film & Television, Travel & Tourism,
ACGN, and General Knowledge—and segment
ASR transcripts into subtitle-style units with ex-
plicit duration budgets.

Construction Procedure.

(1) Data Collection and Segmentation. We tran-
scribe real-world videos with ASR and seg-
ment the transcripts according to pauses and
semantic boundaries. Each segment inherits its
original speech duration as the temporal budget
for translation.

(2) Preprocessing and Packaging. We remove
non-speech artifacts such as fillers and mu-
sic markers, and package segments into ten-
unit sliding windows to preserve local context.
All instances are formatted into a fixed JSON
schema for model interaction.

(3) Filtering and Sampling. We filter out overly
short or extreme-CPS segments to ensure sta-
ble syllable-ratio estimation, and further score
samples using heuristic signals such as perplex-
ity, repetition, and script consistency. After
LSH-based de-duplication (Jha et al., 2023),
we perform domain-balanced quota sampling
to obtain 7,000 golden instances.

(4) Core Event Annotation. We extract golden
core events from each source Mandarin seg-
ment by identifying content-bearing predicate—
argument structures (nouns, proper nouns, hu-
merals) via Stanza.>? To evaluate semantic
preservation under length compression, can-
didate translations are first back-translated into
Mandarin. We then extract candidate event
realizations using the same pipeline. Source
and back-translated event representations are
compared via contextual embedding similar-
ity; unmatched events are flagged as semantic
violations to compute BT-CERR.

"Detailed related works can be found in appendix A.
Zhttps://stanfordnlp.github.io/stanza/
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Figure 2: Forward vs. backward expansion relationship (colored by round-trip ratio pyy). The red curve represents
the unity baseline py, = 1.0 (y = 1/x). Points above this curve indicate systemic model-induced length inflation.

Unconstrained models show a median pyp, > 1.10.

Language Syllable Rate Info. Density Expansion
(o/s) (Normalized) (from Zh)
Mandarin (Zh) 5.18 £0.15 0.94 1.00x
English (En) 6.19 £0.16 0.91 ~ 1.03x
German (De) 5.97 £ 0.19 0.79 ~ 1.19%
Spanish (Es) 7.82+0.16 0.63 ~ 1.49x

Table 1: Cross-linguistic statistics adapted from Pelle-
grino et al. (2011). Lower density necessitates higher
expansion factors when translating from Mandarin.

Following this pipeline, the finalized SAND-
GLASS benchmark contains 1,000 high-quality
golden instances balanced across five distinct me-
dia domains. Detailed descriptive statistics are de-
ferred to Appendix N.

2.2 Syllable as Duration Proxy

Our use of syllables as duration proxies is grounded
in the Iso-Information Principle. Pellegrino et al.
(2011) demonstrated that while Syllable Rate (SR)
vary drastically across languages (e.g., Spanish
7.820 /s [syllables/s] vs. Mandarin 5.180/s), the
universal Information Rate remains nearly constant
at = 39 bits/s (Coupé et al., 2019).Recent findings
further corroborate this by quantifying a universal
surprisal-duration trade-oft (Pimentel et al., 2021),
showing that languages systematically adjust seg-
ment duration to smooth information transmission.

As shown in Table 1, this trade-off implies that
low-density languages must utilize higher syllable
counts to convey equivalent content. Translating
from a high-density source (Mandarin, ID=0.94)
to a lower-density target (e.g., Spanish, ID=0.63)
necessitates a linguistically required expansion. A
direct 1:1 mapping would result in &~ 33% informa-
tion loss (derived from the density ratio %). Thus,
our constraints are non-uniform and calibrated to
these density ratios to distinguish legitimate expan-
sion from model verbosity.

Empirical validation. To verify that syllable
count reliably predicts real speech duration, we
synthesize the benchmark’s English translations
with 9 TTS configurations across diverse synthe-
sis paradigms and measure actual silence-trimmed
durations. Syllable count correlates almost per-
fectly with measured duration across all systems
(r 0.89-0.98); adding a simple punctuation-
break count (periods, commas, question marks)
raises explained variance to R? = 0.93-0.96, leav-
ing at most 5—7% of variance to free prosody. Cru-
cially, when we synthesize each baseline’s output
against the original time budgets, unconstrained
LLMs run 32% over the slot, prompt/pipeline base-
lines still exceed by over 10%, and Best-of-V fits
only by undershooting (0.87x). In contrast, HO-
MURA’s spoken duration is centered on the real
budget (median ratio = 1.02) in a single pass. Thus,
syllable count is an empirically validated first-order
proxy for speaking time, and optimizing it deliv-
ers time-constrained behavior in actual speech (see
Appendix O for full details).

2.3 Quantifying Cross-Lingual Verbosity Bias

Standard metrics like the Forward Expansion Ra-
tio defined as pf,qg = o(y)/o(z) for a source x
and its translation y often confound linguistic ne-
cessity with model hallucinations. For instance, a
high pf,,q in Spanish might simply reflect its natu-
rally lower information density rather than model-
induced redundancy.

To isolate systemic bias, we introduce the
Roundtrip Expansion Ratio (prtp). By translating
the target output y back into the source language
() and comparing its syllable count to the original
input x, we define:

o() _ o(&)

oly)

o(y)

o(x)

» (D

Prtp = Pfwd * Pbwd =

o(x)
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Target Theoretical LLM Baseline Bias |Ours (Target)
Lang (Htheo) (nrra) (A) (Br)

En 1.03x 1.35% +0.32| 0.8~0.9
De 1.19x% 1.59x +0.40| 0.9~1.0
Es 1.49x 1.84x +0.35| 1.0~1.1

Table 2: Comparison of expansion ratios. Target Bounds
(Bp) are set to remove model bias (A) and enforce
semantic condensation.

where o (+) denotes the syllable count of a sequence.
Theoretically, since this comparison is performed
within the same source language, p;, should grav-
itate towards 1.0. Any value where p,4 > 1.0
serves as a density-invariant indicator of model-
induced inflation.

Empirical analysis on Sand-Glass (Figure 2) con-
firms that this verbosity is systemic rather than
anecdotal. By plotting the joint distribution of
expansion ratios, we observe a pervasive upward
shift from the unity baseline (p,4, = 1.0), with
the vast majority of segments clustered in the in-
flation zone. This concentration demonstrates a
consistent model-induced redundancy that persists
across various frontier models and language pairs
(see Appendix J for statistical breakdowns).

Calibrated Target Bounds. To bridge this gap,
we define Target Syllable Bounds (51) by con-
trasting model inflation (u1,75s) against Theoreti-
cal Expansion (f4¢pe0). As shown in Table 2, LLMs
produce significant surplus bias (Ap;qs). We es-
tablish By, to enforce a strict condensation regime.
Notably, we lower these targets beyond theoretical
baselines to address real-world dubbing and sub-
titling complexities, specifically to buffer against
rapid speech and synchronization constraints. Ac-
cordingly, we configure the bounds as follows: En-
glish (Bg, € [0.8,0.9]) is set below parity to force
active summarization; German (Bp. € [0.9,1.0])
maintains relative pressure despite lower density;
and Spanish (Bgs € [1.0,1.1]) significantly re-
duces the unconstrained baseline of 1.84 X to en-
sure intelligibility under strict time limits while
respecting its information density.

3 Method

We formulate syllable-level control as a standard
controllable text generation task(Li et al., 2024; Gu
et al., 2025), where our objective is to maximize
translation quality while satisfying the prescribed
syllable-ratio constraint. As illustrated in Figure 3,
we optimize the model with GRPO (Shao et al.,

2024), a lightweight PPO-style algorithm designed
for sequence-level rewards.

3.1 Reward Design

In our setting, the control condition ¢ corresponds
to satisfying a strict length budget while maintain-
ing semantic consistency with the source. This
requires a reward that simultaneously encourages
length compliance and discourages meaning drift.
We instantiate this task reward as:

R(x, c, y) = Alen Rlen(zv y) + )‘qual unal(xy y),
(2)

where z is the source utterance, y is the gener-
ated translation, and Ajen, Aquai = 0 control the
trade-off between temporal alignment and seman-
tic fidelity.

3.1.1 Dynamic Syllable-ratio Reward

To ensure the translation length aligns naturally
with the source speech across varying scales, we
propose a dynamic syllable-ratio reward. The sylla-
ble ratio p for a source-target pair (z,y) is defined

as: o)
max(o(z),1)

plz,y) = : 3)
where o (-) is the syllable count of a sequence.

Recognizing that strict length constraints must
be sensitive to both linguistic density and utterance
length, we implement a dynamic acceptance inter-
val [L(z), R(x)]. We initialize the baseline bounds
[Lo, Ro| using the language-specific Target Bounds
By, setin Section 2.3. This ensures the optimization
target respects the cross-lingual density hierarchy
established in our theoretical analysis.

However, for shorter utterances, the “granular-
ity” of syllable counting introduces high variance
(discretization noise), making rigid bounds brittle.
To address this, for utterances where the source
length o(x) is below the corpus mean p, we define
a scaling factor v(x) to adaptively relax the lower
threshold:

o(x)

1/2
Y(x) = a1+ a <,U) ; 4

where a1, ap are hyperparameters governing the
degree of relaxation. The final dynamic bounds are
formulated as [L(x), R(z)] = [Lo - v(z), Ro)-

To facilitate stable policy optimization, we avoid
sparse or binary signals in favor of a smoother re-
ward landscape. The reward function Rjepn(z,y)
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Figure 3: Overview of our HOMURA framework. Given a source utterance = and a syllable-ratio budget ¢, we
optimize the policy 7y (y | x, ¢) with GRPO. The reward combines a length-compliance term R)o,, and a quality term
Rqual (rubric-based or reason-based), encouraging concise yet faithful translations.

evaluates compliance with these dynamic bound-
aries via a squared exponential decay:

1
R, —
P {exp(—k:éQ)

where §(z,y) = max(|p(z,y) — L(2)], |p(z,y) —
R(z)|) denotes the deviation. This non-linear for-
mulation provides a soft penalty that effectively
guides the model toward the density-calibrated
region while preventing training instability as-
sociated with hard-truncation rewards. In Ap-
pendix E.1, we further investigate the effectiveness
of a static syllable-ratio reward.

if p € [L(z), R(x)]

otherwise

E))

3.1.2 Rubric-based Quality Reward

We adopt a two-part quality rubric(Hashemi et al.,
2024; Liu et al., 2023), covering (i) semantic fi-
delity and (ii) linguistic well-formedness, and im-
plement it as the following reward components.

Semantic Fidelity Reward Inspired by the prob-
abilistic duality in (He et al., 2016), we enforce con-
tent preservation via a reconstruction-based reward.
We employ a frozen DeepSeek-V3 (DeepSeek-
Al 2024) to back-translate the hypothesis y into
% = fu(y). To measure semantic retention, we
compute the cosine similarity S(z, ) between em-
beddings of the source x and reconstruction & ex-
tracted by Qwen-Embedding-0.6B (Zhang et al.,
2025):

Vg Vi

[valllval

S(x, &) = (6)

The final reward is clipped to stabilize optimiza-

tion:
Rbt(l'ay) = Clip(S({L‘, i‘)aTminaTmax)- @)

Linguistic Well-formedness Reward To pre-
vent the telegraphic outputs often associated
with aggressive compression, we explicitly penal-
ize linguistic degradation. We utilize a frozen
DeepSeek-V3 as a judge to evaluate translations
against a rubric covering: (i) grammaticality, (ii)
readability, and (iii) language consistency (e.g., no
code-switching). The model outputs a binary deci-
sion s, € {0, 1}, serving directly as the reward:

Rflu(xvy) = Sflu- ()
Full prompting details are in Appendix H.

3.1.3 Reason-based Quality Reward

Beyond the simple compositional rewards, we
explore an end-to-end generative reward model
(GenRM)(Mahan et al., 2024; Liang et al., 2025)
that evaluates translation quality via explicit rea-
soning. GenRM is trained using structured Chain-
of-Thought (CoT) annotations synthesized by
Gemini-2.5-Pro (Comanici et al., 2025). To en-
sure high-quality reasoning, we filter the raw CoT
data using the aforementioned rubric-based method.
The model is instantiated from Qwen3-32B (Yang
et al., 2025) and optimized via supervised fine-
tuning (SFT) over the full CoT sequence and the
final decision token.

Given a source sentence x and a translation hy-
pothesis y, GenRM performs a single long CoT
reasoning process that can be abstracted as

&= fu(y), s(z,2),qy) €{0,1},  (9)
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where f1,; denotes implicit back-translation, s(x, )
indicates whether the core information in x is pre-
served, and ¢(y) evaluates the intrinsic quality of y
in terms of adequacy and fluency. Based on these
decisions, GenRM outputs a binary quality reward

Rgen(m7y) = ]I[S(‘%j) =1A Q(y) = 1]- (10)

This formulation yields a reference-free, inter-
pretable quality signal and enforces an explicit
conjunction between information preservation and
translation quality. Concrete examples of the CoT
reasoning are provided in the Appendix G. Abla-
tion studies on the reward components and design
choices are provided in Appendix E.

4 Experiments and Results

4.1 Experimental Setup

We evaluate SOTA LLMs under five strategy cate-
gories that span the length-control spectrum:

e Category 1: Unconstrained LLMs.
Frontier models (GPT-5 (OpenAl, 2025),
Claude-4.1-Opus (Anthropic,  2025),
Gemini-2.5-Pro, DeepSeek-V3)  with
standard decoding. For GPT-5 and
Gemini-2.5-Pro, we set low reasoning
effort to approximate direct translation. These
serve as semantic upper bounds.

» Category 2: Prompt-based Compression.
Category 2 models with brevity-oriented sys-
tem prompts enforcing syllable-level concise-
ness.

* Category 3: Best of N Refinement. Gen-
erating [NV candidates with varying lengths,
followed by a greedy selection of the highest-
fidelity output that fulfills the syllable budget.

* Category 4: Pipeline-based Post-editing.
Two-stage translation — length-constrained
rewriting.

» Category 5: Our Method (HOMURA). RL
fine-tuning on Qwen3-8B (Yang et al., 2025) to
enforce temporal budgets as hard constraints.

All baseline prompt templates are provided ver-

batim in Appendix P. More experimental details
are provided in Appendix D.

4.2 Target Syllable Bounds Configuration

Following Section 2.3, we set density-calibrated
target bounds B, to impose comparable compres-
sion pressure across languages: En € [0.8,0.9], De
€ [0.9,1.0], and Es € [1.0,1.1]. These intervals
are used as hard constraints for HOMURA.

4.2.1 Evaluation Metrics

We report complementary metrics for efficiency,
semantic preservation, and linguistic quality:

IB: In-Bounds Rate (% 1) We define the In-
Bounds Rate (IB) as the percentage of translations
that satisfy the target interval bounds:

_ b a(y)
IB_’D‘ Z H(U(x)eBL>, (11)

(z,Br)eD

where D is the evaluation dataset, and I(-) is the
indicator function.

Translation Density (BLEU-p ) We define
BLEU-p as semantic fidelity per temporal unit:

BLE T
BLEU.p — PLEU( )
p(z,y)

; (12)
where BLEU(x,2z) is the back-translation
BLEU (Papineni et al., 2002). Since BLEU alone
may not fully capture fluency in back-translation
paradigms (Edunov et al., 2020), we use BLEU-p
specifically to measure information density, while
linguistic quality assessed via Cometkiwi.

Semantic Integrity (BT-CERR 1) BT-CERR is
a binary indicator that evaluates whether all core
events extracted from x are retained in the back-
translation Z.

Linguistic Quality (Cometkiwi 1) We use
reference-free Cometkiwi(Rei et al., 2022) to as-
sess fluency and adequacy under compression.

4.3 Main Results

4.3.1 Cross-Lingual Performance and
Temporal Compliance

Table 3 summarizes the main results on SAND-
GLASS, with additional zero-shot generalization
results on WMT24pp(Deutsch et al., 2025) and
MUST-CINEMA(Karakanta et al., 2020c) reported
in Appendix L. We report human evaluation in
Appendix C and Statistical Significance Testing
in Appendix B. Overall, the results highlight the
trade-off between temporal compliance and seman-
tic density.

Budget Violation in Frontier Models. As
shown by the p column, unconstrained frontier
models(CAT 1) universally fail to meet temporal
budgets, particularly in low-density languages like
Spanish. While specialized prompting (CAT 2)
shifts the distribution toward brevity, it remains
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Table 3: Performance Comparison on Sand-Glass Across All Language Pairs (BLEU-p, Cometkiwi, BT-CERR).
All results are averaged by 3 times.

‘ Evaluation Metrics on Sand-Glass

Model \ Zh — En | Zh - De | Zh — Es

| B p CK BC By Tok. | B p CK BC By Tok. | B p CK BC By Tok.
Category 1: Unconstrained LLMs
claude-4.1-opus 22.4% 1.361 0.741 0.943 0.313 17.1 12.1% 1.582 0.676 0.882 0.247 242 8.2% 1.812 0.668 0.900 0.220 21.3
deepseek-v3 22.6% 1.413 0.748 0.941 0.287 46.3 12.4% 1.674 0.676 0.889 0.222 62.3 9.1% 1.990 0.671 0.884 0.191 99.6
gemini-2.5-pro* 24.9% 1.289 0.739 0.941 0.307 12.1(916.9) |15.5% 1.511 0.666 0.877 0.238 14.2(125.8) | 9.9% 1.718 0.668 0.883 0.212 14.0(1532.7)
gpt-5* 23.2% 1.330 0.746 0.947 0300 22.4(412.8) |11.0% 1.633 0.681 0.894 0.220 23.2(605.6) | 8.3% 1.862 0.671 0.899 0.206 24.0 (676.8)
Category 2: Prompt-based Compression
claude-4.1-opus 46.1% 0.852 0.691 0.907 0.376 122 31.5% 0.951 0.535 0.838 0.293 17.2 26.6% 1.106 0.631 0.849 0.261 13.5
deepseek-v3 38.4% 0.960 0.700 0.924 0.307 124 20.3% 1.196 0.557 0.866 0.245 15.8 16.1% 1.355 0.556 0.868 0.225 16.3
gemini-2.5-pro* 49.7% 0.920 0.698 0.927 0.322 10.7 (1231.3) |52.3% 1.016 0.517 0.853 0.266 12.3 (1450.1) [46.7% 0.974 0.586 0.827 0.252 10.7 (554.5)
gpt-5* 53.6% 0.937 0.705 0.928 0.345 21.7 (2024.9) |51.5% 1.025 0.534 0.874 0.283 23.1(1962.3) [62.6% 0.982 0.586 0.833 0.270 21.0(3105.8)

Category 3: Best-of-N Refinement
claude-4.1-opus 67.6% 0.845 0.691 0.903 0.367 109.7 50.9% 0.946 0.611 0.848 0.324 109.2 45.5% 1.039 0.621 0.857 0.304 110.0

deepseek-v3 63.6% 0.852 0.691 0.902 0.332 122.6 44.7% 0.959 0.527 0.863 0.286 160.5 44.4% 1.042 0.522 0.851 0.275 113.6
gemini-2.5-pro* 61.9% 0.900 0.673 0.904 0.276 133.2(1089.2) |44.1% 0.992 0.517 0.854 0.241 136.0 (972.7) |42.3% 1.087 0.554 0.858 0.235 133.8 (611.1)
gpt-5* 67.2% 0.888 0.673 0.906 0.296 114.2(1810.2) |47.4% 0.994 0.571 0.861 0.275 111.2(2229.6)|51.5% 1.076 0.529 0.855 0.256 110.8 (2158.8)

Category 4: Pipeline-based Post-editing (2 run)

claude-4.1-opus 38.3% 0.918 0.694 0.904 0.327 30.2 24.1% 1.089 0.653 0.868 0.276 42.7 18.7% 1.284 0.643 0.876 0.246 37.6
deepseek-v3 38.4% 0.967 0.703 0.934 0.322 88.1 23.3% 1.154 0.645 0.874 0.239 89.4 17.8% 1.301 0.543 0.873 0.221 102.1
gemini-2.5-pro* 50.0% 0.837 0.691 0.902 0.348 22.3 (2517.7) |41.9% 1.001 0.627 0.830 0.267 27.5(1043.1) |35.2% 1.042 0.602 0.840 0.250 22.4(2975.2)
gpt-5* 78.6% 0.833 0.690 0.917 0.321 42.2(2666.2) |75.5% 0.934 0.514 0.842 0.275 46.6(2773.0) |66.3% 1.018 0.557 0.820 0.234 44.9 (4012.9)

Category 5: HOMURA

Ours (HOMURARypric) | 86.3% 0.809 0.700 0.914 0.378 92 84.3% 0.901 0.591 0.853 0.317 16.3 89.0% 1.067 0.620 0.863 0.260 13.1
Ours (HOMURAReason) | 89.6% 0.846 0.701 0.925 0.376 10.1 84.6% 0.918 0.603 0.861 0.321 14.7 87.3% 1.057 0.605 0.858 0.309 13.2

Note: IB: In-Bounds Rate (%). p: syllable ratio. CK: CometKiwi. BC: BT-CERR. B-p: BLEU-p. Tok.: avg output tokens; for
reasoning models (), parenthesized values include internal thinking tokens.

unreliable, with models like GPT-5 still exhibiting  analysis demonstrating consistent gains with a 32B
"verbosity drift" that exceeds target bounds. This  model (Appendix F).

confirms that pure instruction-following is insuffi-

cient for rigorous syllable-level constraints.

The Search-Fidelity Trade-off. Search-based Inference efficiency. HOMURA is markedly
(CAT 3) and pipeline (CAT 4) strategies achieve  more inference-efficient. Unlike Best-of- N, which
higher In-Bounds rates (IB) but at a significant se- multiplies decoding cost by generating N candi-
mantic cost. For instance, CAT 4 variants often  dates, and unlike translate-then-modify pipelines
show a drop in BT-CERR, suggesting that the dis-  that require an extra rewriting pass, HOMURA satis-
jointed post-editing process leads to "hallucinated  fies the syllable/temporal budget in a single decod-
omissions" of critical source predicates. Moreover,  ing. Consequently, it attains high temporal compli-
the increased inference latency of Best-of-/N makes  ance with substantially fewer tokens (AVG-Tokens
it less practical in real-time settings. in Table 3), making it suitable for real-time and

high-throughput deployment.
Information Density and Superior Compliance

of HOMURA. Concurrently, HOMURA achieves

up to an 89.6% temporal compliance rate while

achieving the highest BLEU-p across all language =~ Robustness of Reason-based GenRM. Within
pairs, demonstrating active semantic packing that ~ Category 5, HOMURAReason achieves higher BT-
maximizes the semantic payload per syllable. We =~ CERR than HOMURARypic on two of the three
further validate the practical deliverability and scal-  target languages, with the largest gain observed
ability of our framework via two key analyses de-  for English. This suggests the reason-based re-
tailed in the Appendix: (1) an evaluation of Sylla-  ward better prunes redundancy while preserving
bles Per Second (SPS) and speech-rate thresholds,  the source’s logical structure. We further val-
which confirms that HOMURA achieves the lowest ~ idate this by replacing the self-trained GenRM
average SPS and highest pass rate for comfortable = in HOMURAReason With an LLM-as-RM baseline
video articulation (Appendix M); and (2) a scaling  (DeepSeek-V3); results are in Appendix E.2.
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Figure 4: Quality—compression trade-off on Zh—En. We plot BLEU (left) and BT-CERR (right) versus the average
syllable ratio p. Each point is a model setting (marker: backbone; color: variant: Unconstrained, Rubric, GenRM,
Multi-length Prompting). The red curve shows the empirical trend: quality degrades as compression strengthens.

4.3.2 Analysis of Quality—Compression
Trade-off

Figure 4 illustrates the trade-off between transla-
tion quality and output length by plotting semantic
metrics against the average syllable ratio p.

As shown, unconstrained baselines cluster in
the high-quality, high-p region. Although standard
LLMs can be prompted to shorten outputs, their
quality drops sharply under aggressive compres-
sion. This reflects a low rate—distortion efficiency:
when forced to reduce the phonetic “rate” (sylla-
bles), these models suffer from severe semantic
“distortion” due to suboptimal content selection.

In contrast, HOMURA demonstrates superior
rate—distortion efficiency, maintaining higher se-
mantic fidelity at any given syllable budget. Rather
than executing naive truncation, HOMURA actively
optimizes the generation trajectory to operate at
a more efficient trade-off point, packing a higher
semantic payload into the limited phonetic con-
straints required by media localization.

4.3.3 Qualitative Case Studies

Table 10 qualitatively benchmarks HOMURA
against Claude-4.1-0Opus baselines. Unlike base-
line strategies that suffer from over-translation, syn-
tactic fragmentation, or a coarse cliff pattern, HO-
MURA reliably hits the target window in a single
pass while preserving pragmatic integrity (full anal-
yses are deferred to Appendix 1).

4.4 Autonomous Compression: Navigating the
Compression Limit

The preceding experiments show that HOMURA
can reliably translate under a user-specified ratio
interval. We further ask whether, without a preset
lower bound, the model can autonomously discover
the practical compression limit: the point where ad-

Table 4: The Compression Wall. The autonomous
model reliably reaches the feasible limit; stricter manual
targets miss p and produce worse compression.

Model & Configuration P BLEU-p BT-CERR
Auto HOMURA 0.485 0.404 0.811
Manually Constrained HOMURA
Rtarget € [0.3,0.4] 0.558 0.392 0.819
Rtarget € [0.4,0.5] 0.481 0.384 0.816
Riarget € [0.5,0.6] 0.559 0.386 0.856
Rtarget € [0.8,0.9] 0.808 0.378 0914

ditional shortening triggers a sharp loss in meaning.
To this end, we formulate an autonomous com-
pression task by replacing the hard-interval length
reward with a continuous incentive:

R (@,y) = min (cos (6 plx.9)) 0), (13)
where 6 scales the incentive gradient. The policy
is encouraged to minimize p while still being con-
strained by the quality reward Rgya1.

The Empirical Compression Wall. We observe
a stable compression wall when pushing the model
to its structural limit. As detailed in Table 4, au-
tonomous optimization consistently converges to
a narrow operating regime around p € [0.46,0.49],
regardless of the reward configuration. Crucially,
when we enforce an ultra-aggressive manual target
of [0.3,0.4], the model does not become shorter;
instead, it rebounds to p = 0.558 while semantic
coherence collapses. This non-linear failure indi-
cates a rigid feasibility threshold around p ~ 0.49
for Zh—En translation, beyond which the model
cannot maintain basic syntactic well-formedness.

Rate-Distortion Efficiency and Feasibility
Boundary. To quantify this behavior, Auto
HOMURA attains the optimal BLEU-p (0.404)
while operating at a genuinely shorter length.
Qualitative analysis reveals that autonomous
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optimization navigates this quality—compression
frontier via active semantic condensation (e.g.,
stripping non-essential modifiers and deploying
dense lexical substitutions). Conversely, forcing
the model into an unnatural manual interval
triggers unstable truncation, reflecting the severe
tension between mechanical length reduction and
core meaning preservation. This empirical wall
effectively represents the minimal information car-
rier required to express core predicate—argument
content, closely aligning with the theoretical
density floor predicted by the Iso-Information
Principle (Section 2.3).

5 Conclusion

We address systemic cross-lingual verbosity bias
in LLM translation, a key obstacle for time-
constrained scenarios such as subtitling and dub-
bing. To study this problem, we introduce SAND-
GLASS, a syllable-budgeted benchmark grounded
in the Iso-Information Principle, and propose HO-
MURA, a constrained RL framework that optimizes
the trade-off between semantic fidelity and tempo-
ral feasibility.

HOMURA uses a dynamic syllable-ratio reward
to encourage translations that remain within the
prescribed budget while preserving meaning, with-
out relying on reference translations. Experiments
show that HOMURA substantially improves length
compliance and information density, as measured
by BLEU-p. Future work will examine whether the
observed compression feasibility boundary, e.g.,
p ~ 0.49 for Zh—En, generalizes across language
pairs, and extend HOMURA to end-to-end speech
translation with joint semantic and duration opti-
mization.

Limitations

First, while we adopt syllable count as a dura-
tion proxy grounded in the Iso-Information Prin-
ciple, this metric remains a textual approxima-
tion of acoustic reality. In real-world dubbing
and subtitling, physical duration is heavily influ-
enced by prosodic features and speech tempo, and
our current text-only framework does not account
for multimodal constraints like lip-synchronization
or isochrony. Consequently, generated outputs
may still require minor timing adjustments during
recording.

Second, our experimental validation is currently
restricted to Chinese-to-English, German, and

Spanish translation tasks. The universality of the
"compression feasibility boundary" observed in
our study remains to be verified across linguisti-
cally distant pairs or low-resource languages. Fu-
ture work is needed to determine if such limits are
language-specific or intrinsic to the translation task
itself.
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A Related Work

A.1 Constrained Translation and Subtitling

Media localization imposes strict spatiotemporal
constraints beyond semantic fidelity (Karakanta
et al., 2020b). To address these limitations, early
research focused on supervised learning paradigms
that integrate specialized markers to guide line
length and reading speed (Karakanta et al., 2020a).
An advancement was introduced by Wu et al.
(2023) with VideoDubber, which pioneered di-
rect speech-length control by incorporating token-
level duration predictions into the decoder stack.
However, this approach remains constrained by
its dependence on supervised training with non-
isochronous datasets and heuristic duration label-
ing that introduces annotation noise. Building
on this, Chadha et al. (2025) demonstrated that
even with automatically generated length tags de-
rived from phoneme ratios, supervised training on
non-isochronous speech-translation data remains
a fundamental bottleneck for achieving precise
isochronicity. While architectures like CLSC (Jor-
gensen and Mengshoel, 2025) further refine this
task using control tokens to manage sequence
length, they remain fundamentally dependent on
supervised training with task-specific compression
corpora. In contrast, our work targets general-
purpose Large Language Models (LLMs) via a
reinforcement learning framework. This approach
explicitly optimizes the trade-off between seman-
tic preservation and temporal compliance with-
out requiring ground-truth compression datasets.
Recently, the focus has shifted toward leveraging
general-purpose Large Language Models (LLMs).
For instance, Javorsky et al. (2025) investigated
prompt-based strategies for machine translation un-
der strict isometric constraints, highlighting the po-
tential of in-context learning for length control. In
contrast, our work moves beyond pure prompting
paradigms by introducing a reinforcement learning
framework. This approach explicitly optimizes the
trade-off between semantic preservation and tem-
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poral compliance without requiring ground-truth
compression datasets or fragile prompt engineer-
ing.

A.2 Hard Constraints and Lyric Translation

The imposition of strict feasibility constraints paral-
lels automatic lyric translation, where models must
adhere to syllable counts and rhythm (Ou et al.,
2023). Building on curriculum RL strategies for
discrete constraints (Ren et al., 2025), HOMURA
treats temporal duration as a hard constraint. We
balance these rigid length requirements with se-
mantic quality, ensuring the model respects the
"sand-glass" temporal budget.

A.3 Verbosity Bias in LLMs

A major challenge for time-constrained translation
is the systemic "verbosity bias" in LLMs, often ex-
acerbated by RLHF alignment that conflates length
with helpfulness (Saito et al., 2023; Skalse et al.,
2022; Singhal et al., 2023; Zhao et al., 2026). Our
framework counteracts this by introducing a dy-
namic syllable-ratio reward. Instead of encourag-
ing length drift, we specifically penalize verbosity,
aligning the model’s output with the strict density
requirements of subtitling and dubbing.

B Statistical Significance Testing

We perform hypothesis testing to examine whether
the improvements brought by HOMURA are statis-
tically significant. For a fair comparison, for each
baseline we choose its best-performing single-pass
configuration and compare it with HOMURA un-
der the same setting. Table 5 reports the resulting
p-values.

Table 5: p-values for testing HOMURA against each
variant.

Model ‘ p-value of HOMURA

| Zh—>En |  Zh—De

| B CK | By CK
Homuragypric | 6.46e-03 8.20e-03 | <le—10 <1le—10
Homurageason - 6.30e-03 | <le—10 <1le—10

Across both language pairs and evaluation met-
rics, HOMURA vyields statistically significant im-
provements over its strongest single-pass baselines,
with p-values consistently below the conventional
0.01 threshold (often far smaller, e.g., < 1e—10 for
Zh—De). These results confirm that the observed

gains are unlikely to be due to random variation.
The “~” entry denotes a degenerate case where
the two compared results are identical, yielding
no measurable difference and thus no meaningful
significance test.

C Human Evaluation

We additionally report human evaluation results for
the Zh-to-En setting to further validate the effec-
tiveness of our method and the appropriateness of
our evaluation metrics.

Table 6: Human evaluation results on Accuracy and
Completeness (Zh — En).

Model 1B p Acc.

Gemini-2.5-Pro  24.9% 1289 4.95 5.00 4.97
Claude-4.1-Opus 22.4% 1.361 4.91 498 4.94
GPT-5 232% 1.330 496 5.00 4.98
DeepSeek-V3 22.6% 1.413 497 5.00 4.99

Setting Comp. Avg.

Unconstrained
LLMs

Gemini-2.5-Pro 49.7% 0.920 4.44 490 4.67

Prompt-based  Claude-4.1-Opus 46.1% 0.852 4.42 493 4.67

Compression  GPT-5 53.6% 0.937 442 487 4.65
DeepSeek-V3 384% 0.960 442 4.87 4.65
Gemini-2.5-Pro 61.9% 0.900 4.57 4.57 457

Best-of-N Claude-4.1-Opus 67.6% 0.845 4.51 449 450

Refinement GPT-5 67.2% 0.888 4.71 4.80 4.75
DeepSeek-V3 63.6% 0.852 4.56 4.58 4.57
HOMURARupic  86.3% 0.809 491 483 4.87

Ours

HOMURAReason ~ 89.6% 0.846 4.85 493 4389

Note: IB: In-Bounds Rate (%). p: syllable ratio. Ace.: Accuracy. Comp.:
Completeness.

Table 6 shows that (i) without syllable con-
straints, all frontier LLMs achieve near-ceiling
Accuracy/Completeness, serving as an uncon-
strained upper bound; (ii) enforcing syllable bud-
gets by prompting substantially degrades human-
rated quality, especially Accuracy; and (iii) Best-
of-N provides limited and unstable gains. In con-
trast, our HOMURA variants deliver the best overall
constrained performance, approaching the uncon-
strained ceiling, with HOMURARypric slightly favor-
ing Accuracy and HOMUR Ageason favoring Com-
pleteness.

D Implementation Details

Our RM training framework is built on Megatron.
We use the Qwen3-32B-Chat model as the initial-
ization. The training is conducted with a batch
size of 256, using a cosine learning rate scheduler
with an initial learning rate of 5e-6. All models are
trained on 64 Huawei’s Ascend 910B NPUs.

Our RL training framework is based on the Verl
framework. We use the Qwen3-8B-Chat model
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Table 7: Key hyperparameters used in training HO-
MURA.

Hyperparameter Value
(03] 0.4
Q2 0.5
Ale'n 0.5
Aqual 0.5
k 300
Tmin 0
Tmaz 0.8

as the initialization for RL training. During train-
ing, we configure a batch size of 16 and perform
16 rollouts per prompt using the GRPO algorithm.
The learning rate is initialized at 1e-8, and a cosine
scheduler with warm-up is applied toward the final
iteration. Sampling is conducted with a tempera-
ture of 1.0, and the maximum generation length
is limited to 1,024 tokens. The KL penalty coef-
ficient 3 is set to 0, effectively removing the KL
constraint relative to the reference policy. The PPO
clipping range e is fixed at 0.2. All models are
trained for one epoch using 8 NVIDIA H800 80G
GPUs. Other detail training hyperparameters are
listed in Table 7.

Our training set consists of 70K instances drawn
from the same data sources as the Sand-Glass
benchmark, and is constructed following the same
procedure.

E Ablation Study on Reward Design

This appendix provides additional ablations on the
reward design of HOMURA. We focus on two key
components: (i) the dynamic syllable-ratio reward,
which provides the temporal compliance signal,
and (ii) the GenRM-based quality reward, which
guides semantic preservation under compression.
These analyses examine whether the proposed re-
ward design improves optimization stability and
whether a compression-oriented reward model pro-
vides better guidance than a generic external evalu-
ator.

E.1 Effectiveness of Dynamic Syllable-ratio
Reward

In Section 3.1.1, we hypothesized that rigid
syllable-ratio bounds are susceptible to discretiza-
tion noise, particularly in shorter utterances. To val-
idate the necessity of our dynamic relaxation mech-
anism, we conduct an ablation study comparing
our Dynamic Syllable-ratio Reward against a static
baseline on the Zh—En translation task. Both meth-

ods share the same target objective Bz, € [0.8,0.9],
but the static version enforces fixed boundaries re-
gardless of source length.

Dynamic vs Static Syllable Ratio

—— Dynamic Syllable Ratio
—— Static Syllable Ratio

Syllable Ratio p

0 200 400 600 800 1000 1200
Steps

Figure 5: Training dynamics of syllable ratios during
policy optimization on Zh—En. The blue curve repre-
sents our dynamic bound relaxation, while the red curve
represents static fixed bounds. Values indicate the mean
syllable ratio p across training steps.

As shown in Figure 5, the dynamic reward
demonstrates significantly smoother optimization
and faster convergence into the target interval
[0.8,0.9]. In contrast, the static reward exhibits vio-
lent oscillations, especially in early training phases.
This instability confirms that hard rewards based on
syllable counts are overly sensitive to small varia-
tions in short segments: a single-syllable difference
in a short utterance can cause a disproportionate
jump in the ratio, producing inconsistent learning
signals for the RL agent.

By adaptively relaxing the lower bound for
shorter sequences via (), our method provides
a more continuous and achievable reward land-
scape. This prevents the model from being pe-
nalized for unavoidable linguistic granularity and
leads to more efficient learning of the desired com-
pression behavior. These findings justify the use
of length-aware dynamic bounds in HOMURA to
ensure stable policy refinement across diverse ut-
terance lengths.

E.2 Ablation of GenRM Design

We further study the design of the quality reward
within the GenRM framework. In particular, we
compare our self-trained GenRM with an external
LLM-as-RM baseline. In this ablation, the exter-
nal reward model fully replaces GenRM, while all
other components of the compression-oriented re-
inforcement learning pipeline are kept identical.

External LLLM-as-RM Setup. For the external
reward model baseline, we adopt an LLM-as-RM
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setup using DeepSeek-V3. Given a source sen-
tence and its translation, the model is prompted
to perform a quality assessment. Specifically, it
evaluates whether the translation (i) preserves the
core semantic content of the source sentence under
the target syllable constraint, and (ii) remains flu-
ent and grammatical. The model outputs a binary
acceptability judgment, which is directly used as
the reward signal during policy optimization. The
prompt for the external LLM-as-RM baseline is
shown below.

Prompt for External LLM-as-RM

You are a translation quality reward model.
Given contextual information, a source sen-
tence, and its translation, you will perform step-
by-step reasoning to assess translation quality.
Your evaluation process must strictly follow
the sequence below.

Step 1: Back-Translation

Translate the given translation back into the
source language.

Step 2: Semantic Consistency Assessment
Compare the semantic consistency between
the original source text and the back-translated
text.

* If the meanings are consistent or highly
consistent, proceed to Step 3.

* If they are inconsistent, skip Step 3 and
assign a final score of 0.

Step 3: Translation Quality Assessment
Evaluate whether the translation is of high
quality based on factors such as fluency, gram-
matical correctness, and cultural appropriate-
ness.

Your final output must include a clear reason-
ing process and a reward score:

* If semantic consistency is satisfied and
the translation quality is high, set score
= 1.

¢ Otherwise, set score = 0.

Output Format
The output must strictly follow the format be-
low. Do not add or omit any fields:

{

"reasoning”: "<reasoning

process>",
"score”: @ or 1

3

Input Format

Context: {context}

Source text: {current_text}
Translation: {translated_text}

Results and Analysis. Table 8 compares com-
pression translation models optimized with differ-
ent reward model designs. The model trained with
the self-trained GenRM consistently outperforms
its counterpart using an external LLM-as-RM base-
line, demonstrating that a reward model trained
specifically for compression-oriented translation
provides more effective optimization guidance than
a generic prompt-based evaluator.

Table 8: Effect of GenRM choice on compressed transla-
tion under HOMURAReason- Results are averaged across
all language pairs.

Model Variant CometKiwi BT-CERR BLEU-p

HOMUR AReason 0.636 0.881 0.335

HOMURAReason W/ External RM 0.628 0.879 0.330
The self-trained GenRM achieves better

CometKiwi, BT-CERR, and BLEU-p scores than
the external LLM-as-RM variant. This suggests
that task-specific reward modeling is beneficial for
compression translation, where the evaluator must
judge not only general translation quality but also
whether the model preserves essential meaning
under strict syllable budgets. Moreover, GenRM is
only used during training and does not introduce
additional inference-time cost, preserving the
single-pass decoding advantage of HOMURA.

F Scaling to Larger Model.

Table 9: Scaling Analysis of HOMURA (Zh—En). Com-
parison between 8B and 32B backbones at By €
[0.8,0.9].

Scale Model 1B p CK BC B-p

8B HOMURARwric 86.3% 0.809 0.700 0.914 0.378
HOMURAReason 89.6% 0.846 0.701 0.925 0.376

32B  HOMURARwric 90.2% 0.803 0.740 0.917 0.388
HOMURAReason 89.9% 0.801 0.740 0.933 0.385

Note: IB: In-Bounds Rate (%). p: syllable ratio. CK: CometKiwi. BC:
BT-CERR. B-p: BLEU-p.
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We analyze the effect of model scaling by com-
paring 8B and 32B variants of HOMURA under
identical training settings, with results reported in
Table 9. Scaling consistently improves translation
quality and semantic preservation, as shown by
higher BLEU-p, Cometkiwi and BT-CERR scores.
Moreover, the relative advantage of HOMUR AReason
over HOMURARypyic is preserved at larger scale,
suggesting that the proposed reward design scales
robustly with model capacity.

F.1 Ablation Study on Reward Design

We further analyze the two key components of Ho-
MURA’s reward design: the dynamic syllable-ratio
reward for temporal compliance and the GenRM-
based quality reward for semantic preservation.
These ablations aim to answer two questions: (i)
whether dynamic length constraints are more effec-
tive than static bounds under syllable-level gran-
ularity, and (ii) whether the design of the quality
reward affects the compression—fidelity trade-off.

Effectiveness of Dynamic Syllable-ratio Reward.
We first examine the importance of using dynamic
syllable-ratio bounds. A static interval applies the
same lower and upper thresholds to all utterances,
regardless of source length. However, syllable
counts are discrete, and short utterances are par-
ticularly sensitive to small counting errors: adding
or removing only one syllable can cause a large
change in the ratio p(x,y). As a result, static
bounds may over-penalize otherwise acceptable
translations for short inputs and provide unstable
learning signals.

To address this issue, HOMURA relaxes the lower
bound for shorter utterances while keeping the up-
per bound fixed, producing an adaptive interval
[L(z), R(z)]. Compared with the static variant,
the dynamic reward yields more stable length con-
trol and better preserves translation quality. This
suggests that the gain of HOMURA does not come
from merely imposing a rigid length penalty, but
from providing a smoother and length-aware op-
timization signal that accounts for syllable-level
discreteness.

Ablation of GenRM Design. We then study the
design of the quality reward. In addition to the
rubric-based reward, HOMURA explores a reason-
based generative reward model, GenRM, which
jointly assesses whether the compressed translation
preserves the source meaning and remains linguis-
tically well-formed. To isolate the contribution of

GenRM, we compare it with alternative quality re-
ward designs, including the rubric-based reward
and an LLM-as-RM variant.

The results show that GenRM improves semantic
preservation under strict length constraints, espe-
cially when compression requires selecting which
information should be retained. Unlike simple
scalar rubric scores, GenRM explicitly reasons
about back-translation consistency and translation
quality before producing the final reward decision.
This makes the reward less likely to favor overly
short but semantically incomplete outputs. Impor-
tantly, GenRM is only used during training and
does not introduce additional inference-time cost.
Therefore, HOMURA retains the single-pass decod-
ing advantage over Best-of-N and translate-then-
rewrite pipelines while benefiting from a stronger
quality signal during RL training.

Discussion. Taken together, these ablations con-
firm that both sides of the reward are necessary.
The dynamic syllable-ratio reward improves tempo-
ral compliance by stabilizing the length-control sig-
nal, while GenRM improves semantic robustness
by discouraging meaning drift under compression.
Their combination enables HOMURA to operate at
a better compression—fidelity trade-off: translations
remain within the target syllable budget while pre-
serving the core predicate—argument information
of the source.

G Examples of Structured CoT
Reasoning for GenRM

This appendix provides illustrative examples of the
structured CoT reasoning produced by GenRM.

Structured CoT Example #1

Source sentence (x):

T EAEX BB T RE 4 A -

Translation hypothesis (y):

I have seen a few strange ships here before.

COT process:

1. Back-translation: The translation “I
have seen a few strange ships here before.
is back-translated into Chinese. The back-
translation result is <3 LLFi & 71X B Wi
JLIE AR - 2 (1 have previously seen
several strange ships here). Alternatively,
it can also be “Fk &G ZEiX BEF JLEIE

’
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A .~ (I once saw several unfamiliar
ships here).

Semantic consistency judgment: Com-
pare the source sentence “F 4 %% £ X &
| JLAEFE LRI - 2 (I once saw sev-
eral unfamiliar ships here) with the back-
translated content 3 LA & 78X B W ik
JLEET MM - (I have previously seen
several strange ships here). The two are
completely consistent in core semantics,
both expressing the fact of “jF ZLfEFHE
FREE AN 2 (having seen unfamil-
iar ships at a certain place in the past).
“5 42> (once / before) corresponds to “be-
fore,” “7£ix” (here) corresponds to “here,”
“E%(id” (have seen) corresponds to “have
seen,” “JL#%” (a few) corresponds to “a
few,” “FE4E )7 (unfamiliar / strange) corre-
sponds to “strange,” and “#f” (ships) cor-
responds to “ships.” The semantic consis-
tency is very high.

Translation quality judgment: The
translation “I have seen a few strange
ships here before.” is grammatically cor-
rect, using the present perfect tense to ex-
press a past experience, which conforms
to English usage. The expression is fluent
and natural, with accurate word choice.
Therefore, the translation quality is high.

Based on the above, the semantics are consis-
tent and the translation quality is high, result-
ing in a final score of 1.

Score:
1

.

date Person can only rescue the lingering
soul of Elder Jinchi).

Semantic consistency judgment: The
key terms in the source text are “/& &>
(perform salvation rites / help a soul at-
tain deliverance) and “%&zE” (wronged or
vengeful spirit). “#E” is a term with
strong religious and cultural connotations,
referring to helping the deceased soul at-
tain liberation and enter reincarnation or
the afterlife through rituals. However, the
word “rescue” in the translation is overly
general and fails to convey the deeper reli-
gious meaning of “HE”. “%#" refers to a
ghost that died unjustly and carries strong
resentment, whereas “lingering soul” (;Z
B 1R 3%) only expresses the idea of lin-
gering or wandering, losing the core se-
mantic component of “%&” (wronged / re-
sentful). Therefore, the back-translated
content is semantically inconsistent with
the original text.

. Translation quality judgment: Due to
the semantic inconsistency, this step is
skipped.

Based on the above analysis, the semantics are
inconsistent, and the final score is 0.

Score:
0

J

Structured CoT Example #2

Source sentence (x):

PR ar N T & E s
Translation hypothesis (y):

So the Mandate Person can only rescue the
lingering soul of Jinchi Elder

COT process:

1. Back-translation: The translation “So
the Mandate Person can only rescue the
lingering soul of Jinchi Elder” is back-
translated into Chinese as “f7 LR iy A H
REfF Rt K ZIEB A RBE -~ (So the Man-

Reward.

H Prompt for Linguistic well-formedness

This appendix provides the training prompt used
for the linguistic well-formedness reward.
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Training Prompt

You are an expert in {target_lang} translation.
Given context <context> for background ref-
erence. Here is a text <text> from the context
and its corresponding {target_lang} transla-
tion <translation>. You need to determine
whether <translation> is a qualified {tar-
get_lang} translation.

Requirements: Consider only the following
criteria; if any are not met, the score is 0:

1. Grammaticality: No obvious grammati-
cal or syntactic errors, consistency errors




(e.g., subject—verb agreement, tense, case,
gender/number), collocation errors, or lin-
guistic defects caused by punctuation or
spelling.

2. Readability & Coherence: The sen-
tence structure is complete, logically co-
herent, and naturally connected, mak-
ing it smooth and easy to understand;
there should be no obvious fragmentation,
garbled text, repetitive stacking, or mal-
formed sentences.

Input:

<context>: {context}
<text>: {text}
<translation>: {translation}

Output Requirements:

e If <translation> satisfies both criteria
above, return «1».

¢ Otherwise, return «@».

* Please output «@» or «1» directly; do not
output any explanation.

Output:

I Case Study

Table 10 presents two representative Zh—En cases

to qualitatively compare HOMURA against three
baseline strategies built on top of a frontier LLM
(Claude-4.1-Opus). For each case, we report:
(1) Direct—the unconstrained translation produced
by the LLM, which serves as an upper bound on
quality but ignores the syllable budget; (2) Trun-
cated—the same raw translation hard-cut at the tar-
get syllable count, simulating naive post-hoc length
control; and (3) Best-of-N Refinement (k=4)—
four translations generated at progressively increas-
ing compression levels via prompting, from which
the candidate closest to the target interval [0.8, 0.9]

is selected. We present all four candidates (t1—t4)
to visualize the coverage of the ratio space. Finally,
we show the output of HOMURA under the same

target ratio.

Observation 1: The Discrete Coverage Gap of
Best-of-N Refinement. Across both cases, the
four Best-of-/V candidates exhibit a characteristic
cliff pattern: adjacent candidates jump across the

target interval [0.8, 0.9] without landing inside it.
In Case 1, the ratio drops from t9=1.45 to t3=0.93,
and further to t4=0.55; in Case 2, it falls from
to=1.16 directly to t3=0.78. This confirms that
prompting a frontier LLM for a fixed number of
compression variants cannot reliably cover the con-
tinuous ratio space—the model’s coarse-grained
“short vs. long” heuristic produces large gaps pre-
cisely in the moderate-compression regime where
dubbing applications operate. HOMURA, by con-
trast, achieves fine-grained syllable awareness dur-
ing decoding and hits p=0.83 and 0.84 in a single
pass.

Observation 2: Truncation Destroys Sen-
tence Integrity. When the Direct baseline over-
translates (Case 1: p=1.24; Case 2: p=1.22),
hard truncation to the syllable budget produces
syntactically broken output—*“boldly experience
this...” loses its object, and “continued the...’
leaves a dangling determiner. These fragments
may achieve the target ratio numerically but are
unusable for dubbing, where every utterance must
be a self-contained, prosodically complete phrase.
HOMURA avoids this entirely: its outputs are na-
tively generated to the target length, preserving
both grammatical completeness and pragmatic tone
(e.g., the encouraging “No worries! Just dive right
in” in Case 1 and the poetic “the ice tale Chinese
write, for a thousand years” in Case 2).

>

Observation 3: Register-Aware Compression
Strategies. Beyond ratio accuracy, HOMURA
adapts its compression strategy to the register of
the source. For the colloquial, exhortative Case 1,
it employs informal contractions and exclamatives
(“Haven’t read. .. ? No worries!”) that faithfully
reproduce the casual, inviting tone of the Chinese
source. For the literary, parallel-structured Case 2,
it opts for noun-phrase compaction (“‘hunting on
wood across snow peaks’) and appositive restruc-
turing (“the ice tale Chinese write”), achieving
compression through poetic density rather than in-
formation loss. This register sensitivity suggests
that the phoneme-indexed reward signal trains the
model to internalize not just ow many syllables to
produce, but which linguistic register best accom-
modates the budget.
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Table 10: Qualitative case studies on Zh — En translation with syllable-ratio control (target p € [0.8,0.9]). Direct
translates without length awareness; Truncated hard-cuts the raw output to the syllable budget; Multi generates four
candidates at varying compression levels and selects the closest to the target interval.

Category Method Output Syl. p Observation
Case 1. ZELIFEZERIAREAREBL, KIEEFIXADBE AT TASEIE (29syL.)
Di Raw Friends who haven’t read the original work, don’t worry even 36 1.24 Fluent; ignores syllable
irect more. Go ahead and boldly experience this wonderful story of budget.
a working man.
Trunc.  Friends who haven’t read the original work, don’t worry even 26  0.90 Inrange but object missing;
more. Go ahead and boldly experience this. .. broken.
t1 For those of you who haven’t read the original novel, there’s 47 1.62 Heavily over-expanded.
Multi even less to worry about; feel free to boldly experience this
(k=4) wonderfully peculiar story of a working person.
to Friends who haven’t read the original novel have even lessto 42 1.45 Still far above target.
worry about; boldly go and experience this fantastic story of a
working-class individual.
t3 (sel.) If you haven’t read the book, don’t worry; go experience this 27 0.93 Closest candidate; over-
amazing story of a working person. shoots.
t4 Unread the book? No worries, experience this worker’s tale. 16 0.55 Over-compressed; target
skipped.
HOMURA p~0.83 Haven’tread the book? No worries! Just dive right in and enjoy 24 0.83 On target; encouraging

this fantastic working-man’s tale!

tone preserved.

Case 2. \EIIBEAFEAT, HEMRES LAY, IKENE, FEARETTE (3291)

. Raw From hunting in the snowy mountains with wooden skis to 39 1.22 Over-translation; verbose.
Direct - . .
competing on the world stage, the Chinese have continued the
story of ice and snow for thousands of years.
Trunc.  From hunting in the snowy mountains with wooden skis to 28 0.88 Broken at “continued the”.
competing on the world stage, the Chinese have continued
the...
t1 From hunting on snow-covered mountains with wooden skisto 44  1.38 Heavily over-expanded.
Multi competing on the global stage, the story of ice and snow has
(k=4) been continued by Chinese people for thousands of years.
to From mountain hunting with wooden skis to global competi- 37 1.16 Still above target.
tions, Chinese people have continued the story of ice and snow
for a millennium.
t3 (sel.) From hunting on snowy mountains to world competitions, 25 0.78 Below target; interval
China’s ice and snow story spans millennia. skipped.
t4 China’s ice and snow story, from ancient hunts to modern com- 23  0.72 Further compressed; target
petition, spans millennia. missed.
HOMURA p~0.84 From hunting on wood across snow peaks, to competing on the 27 0.84 On target; poetic compres-

world stage—the ice tale Chinese write, for a thousand years.

sion.

J Detailed Breakdown of Expansion
Metrics

To provide a comprehensive view of the verbosity
bias identified in Section 2, we present a fine-
grained statistical breakdown of expansion metrics
across various frontier LLMs and language pairs.
As summarized in Table 11, the Roundtrip Expan-
sion Ratio (R;yp) consistently exceeds the unity
baseline across all tested models and languages,
with a high percentage of segments (> 60%) ex-
hibiting systemic inflation.

The distribution shifts visualized in Figure 6 fur-

ther confirm that this bias is not merely a result of
specific difficult cases but represents a structural
characteristic of current LLM-based translation.

K Declaration of AI Assistance

To enhance development efficiency, GitHub Copi-
lot was utilized as a coding assistant in this study.
Specifically, it facilitated the implementation of
data preprocessing modules, the execution of sta-
tistical analyses, and the rendering of complex ex-
perimental figures. The core algorithmic design,
reinforcement learning frameworks, and the inter-
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Comprehensive Translation Expansion Metrics Analysis
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Figure 6: Statistical distribution of translation expansion metrics across DE, EN, and ES. The boxplots illustrate the
variations in Forward, Back, and Roundtrip expansion ratios, with diamonds indicating means.

Table 11: Detailed Breakdown of Expansion Metrics across Models and Language Pairs. Rfy,q, Rpwd, and R,y
denote Forward, Backward (Back-translation), and Roundtrip Expansion Ratios, respectively. Values are presented

as Mean and Standard Deviation.

Language  Model Rfwa Mean £ Std)  Rpwq (Mean = Std)  R,¢p (Mean £ Std) R,y > 1 (%)
claude-4.1-opus 1.58 + 0.96 0.95 + 1.54 1.39 £ 0.99 66.2
deepseek-v3 1.67+£1.37 0.91 +0.29 1.54 +£1.89 63.8
De gemini-2.5-pro 1.514+0.88 0.96 + 0.44 1.35+0.84 59.0
gpt-5 1.63 +0.96 0.90 £0.19 1.43 £0.87 71.8
claude-4.1-opus 1.36 +1.13 1.07 £ 0.55 1.41 +1.32 64.8
deepseek-v3 1.41+£1.15 1.05 £ 0.48 1.47+1.71 59.1
En gemini-2.5-pro 1.29 + 0.81 1.07 £ 0.25 1.33 £ 0.80 61.0
gpt-5 1.33 £0.81 1.07£0.23 1.36 £ 0.80 65.9
claude-4.1-opus 1.81 £1.05 0.90 + 2.48 1.41£1.19 66.9
deepseek-v3 1.99 +1.83 1.01 £1.12 1.99 £+ 2.90 64.0
Es gemini-2.5-pro 1.72 £0.99 0.83 +£0.36 1.35£0.87 60.4
gpt-5 1.86 £+ 1.09 0.78 +0.18 1.40 £0.83 68.5

pretation of results remain the original work of the
authors, who maintain full responsibility for the
code’s accuracy.

L Generalization to General Translation

Generalization to Out-of-Distribution Bench-
marks. To examine whether our method general-
izes beyond the SAND-GLASS distribution, we con-
duct zero-shot evaluations on two external bench-
marks. First, we evaluate on WMT24pp using mod-
els trained directly on the SAND-GLASS training
set. We compare HOMURA with strong baseline
models under four settings: unconstrained gen-
eration, prompting-based constrained generation,
Best-of-N selection, and a translate-then-rewrite
pipeline.

Second, we evaluate on MUST-CINEMA, a
subtitle-oriented speech translation benchmark. We
randomly sample 1,000 examples from the English-
to-German subset. To match our high-density-

to-low-density setting, we first translate the En-
glish source texts into Chinese using DeepSeek-
V3.2, and then evaluate models on the result-
ing Zh—De task. We compare HOMURA with
claude-4.1-opus prompted with explicit syllable-
ratio constraints. Importantly, HOMURA is evalu-
ated zero-shot on this dataset, without any addi-
tional training or fine-tuning.

As shown in Table 12, HOMURA achieves sta-
ble zero-shot performance on WMT24pp, suggest-
ing that the learned syllable-level control policy
can transfer beyond the SAND-GLASS distribu-
tion. Although WMT24pp differs substantially
from SAND-GLASS and contains relatively simpler
translation instances, HOMURA maintains competi-
tive translation quality while preserving effective
verbosity control. In particular, HOMURA obtains
a BT-CERR score of 0.990, a BLEU-p score of
0.605, and a CometKiwi score of 0.803.

Compared with prompting-based constrained
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Table 12:  Zero-shot generalization results on
WMT24pp. All systems are evaluated without addi-
tional adaptation.

Table 14: SPS analysis on the Zh — En task. Avg. SPS
is the mean syllables per second across all segments.
Pass Rate is the fraction of segments with SPS < 6.

Category Model 1B P CK BC B-p
Claude-4.1-Opus  33.3% 1.021 0.842 1.000 0.586
Unconstrained ~ DeepSeek-V3 30.5% 1.073  0.833 0.969 0.548
LLMs Gemini-2.5-Pro 343% 0998 0.837 0.989 0.599
GPT-5 30.9% 1.034 0.843 1.000 0.600
Claude-4.1-Opus  62.6% 0.867 0.734 1.000 0.608
Prompt-based  DeepSeek-V3 46.4% 1.094 0.773 0979 0.540
Compression Gemini-2.5-Pro 59.6% 0.803 0.720 0.989 0.606
GPT-5 84.8% 0.888 0.829 0.989 0.611
Claude-4.1-Opus  63.6% 0.852 0.720 1.000 0.619
Best-of-IV DeepSeek-V3 61.2% 0.874 0.730 1.000 0.578
Refinement Gemini-2.5-Pro 77.7% 0.845 0.733 1.000 0.548
GPT-5 89.6% 0.847 0.797 1.000 0.605
Claude-4.1-Opus  31.3% 0.707 0.814 0.989 0.616
Pipeline-based  DeepSeek-V3 28.4% 0.704 0.804 0.969 0.609
Post-editing Gemini-2.5-Pro 545% 0.792 0.824 0989 0.622
GPT-5 773% 0.804 0.816 0.989 0.594
Ours HOMURA 86.8% 0.803 0.803 0.990 0.605

Note: IB: In-Bounds Rate (%). p: syllable ratio. CK: CometKiwi. BC:
BT-CERR. B-p: BLEU-p.

Table 13: Zero-shot results on MUST-CINEMA
Zh—De.
Model 1B P CK BC B-p
Claude-4.1-Opus  57.0% 0999 0777 0976  0.498
HOMURARubric 68.5% 0942 0781 0966 0475

Note: IB: In-Bounds Rate (%). p: syllable ratio. CK:
CometKiwi. BC: BT-CERR. B-p: BLEU-p.

generation and Best-of-/V selection, HOMURA pro-
vides a more direct way to internalize syllable-
ratio constraints into the model policy, avoiding
repeated sampling or external selection at inference
time. Pipeline-based post-editing methods can also
achieve strong performance on WMT24pp, but they
rely on an additional rewriting stage and may in-
troduce extra latency and error propagation. By
contrast, HOMURA performs controlled translation
in a single decoding pass.

As shown in Table 13, HOMURA also transfers to
MUST-CINEMA without dataset-specific training.
It achieves in-bound outputs, whereas the prompted
Claude baseline exceeds the target budget. Despite
using shorter outputs, HOMURA maintains com-
petitive quality, with a slightly higher CometKiwi
score and comparable BT-CERR and BLEU-p.

Overall, these results suggest that HOMURA mit-
igates verbosity bias without substantially com-
promising general translation performance. The
stable transfer from SAND-GLASS to WMT24pp
and MUST-CINEMA further indicates that SAND-
GLASS provides a challenging and practically rele-
vant benchmark for length- and time-constrained
translation.

Model Avg. SPS  Pass Rate @ SPS < 6

Category 1: Unconstrained LLMs

Claude-4.1-Opus 6.45 54.2%
DeepSeek-V3 6.69 51.7%
Gemini-2.5-Pro 6.14 56.7%
GPT-5 6.30 52.6%
Category 2: Prompt-based Compression
Claude-4.1-Opus 4.839 79.3%
DeepSeek-V3 5.404 72.3%
Gemini-2.5-Pro 5.247 71.3%
GPT-5 5.346 68.9%
Category 3: Best-of-N Refinement
Claude-4.1-Opus 4.820 80.6%
DeepSeek-V3 4.849 79.4%
Gemini-2.5-Pro 5.065 77.3%
GPT-5 5.042 76.5%
Category 4: Pipeline Post-editing
Claude-4.1-Opus 5.178 79.6%
DeepSeek-V3 5.443 70.5%
Gemini-2.5-Pro 4.745 80.3%
GPT-5 4.725 83.0%
Ours
HOMURA 4.58 86.7%

M Syllables Per Second (SPS) Analysis

Beyond matching the target syllable budget, a prac-
tical dubbing or subtitling system must ensure that
the translated output is deliverable—i.e., a speaker
can naturally articulate it within the allotted dura-
tion. We therefore introduce Syllables Per Second
(SPS) as a complementary metric to evaluate infor-
mation density from a temporal perspective.

Leveraging the precise timestamps provided by
our benchmark, we compute SPS as the ratio of
the predicted syllable count to the source segment
duration. Established psycholinguistic research re-
ports an average English syllabic rate of approxi-
mately 6.19 SPS Pellegrino et al. (2011), represent-
ing the upper bound of comfortable speech delivery.
Consistent with this finding, our internal human-
annotated studies on live dubbing operations iden-
tify SPS < 6 as the critical comfort threshold for
English audiences.

We evaluate all baseline categories defined be-
fore on the Zh — En task and report two met-
rics: (1) Average SPS across all segments, and
(2) Pass Rate, the proportion of segments satisfy-
ing SPS < 6. Results are summarized in Table 14.

Several key observations emerge. First, uncon-
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strained frontier LLMs (Category 1) consistently
exceed the 6 SPS comfort threshold, with aver-
age SPS ranging from 6.14 to 6.69 and pass rates
barely surpassing 50%. This confirms a system-
atic verbosity bias: when translating from a high-
density language (Chinese) to a lower-density one
(English), standard models produce outputs that are
too long to be naturally spoken within the original
duration.

Adding prompt-level syllable constraints (Cate-
gory 2) substantially reduces SPS, yet pass rates re-
main between 69-79%, suggesting that most mod-
els struggle to reliably internalize explicit length
instructions. Best-of-N sampling (Category 3) fur-
ther improves pass rates to 76—81%, but at the cost
of N x inference overhead. Pipeline post-editing
(Category 4) yields competitive SPS for Gemini-
2.5-Pro and GPT-5; however, the two-stage pro-
cess introduces its own failure modes—Claude-4.1-
Opus and DeepSeek-V3 still exhibit elevated SPS,
indicating that post-hoc rewriting does not consis-
tently respect the syllable budget.

In contrast, HOMURA achieves the lowest aver-
age SPS (4.58) and the highest pass rate (86.7%),
outperforming the best pipeline configuration by
3.7 percentage points. By learning temporal con-
straints as hard rewards during RL fine-tuning, HO-
MURA internalizes the information density trade-
off directly into the generation process, eliminating
the need for external post-processing or repeated
sampling.

Avg. Chars Total Dur. Avg. Dur. Min Dur. Max Dur.

Domain Samples (ZH) (Min) (Sec) (Sec) (Sec)
ACGN 200 12.02 6.37 1.91 0.56 4.11
Film & Television 200 11.71 7.90 2.37 0.76 6.31
Travel & Tourism 200 11.52 9.40 2.82 0.60 7.52
Gaming 200 12.13 8.93 2.68 0.92 6.61
General Knowledge 200 12.14 9.73 2.92 0.64 9.06
Overall 1,000 11.90 42.32 2.54 0.56 9.06

Table 15: Fine-grained per-domain and global descrip-
tive statistics of the SAND-GLASS source benchmark.

N Domain Distribution and Fine-Grained
Textual Attributes

The benchmark comprises exactly 1,000 high-
quality golden instances, strictly balanced with 200
instances allocated to each of the five target media
domains to prevent domain-specific evaluation bias.
Table 15 provides a fine-grained, comprehensive
breakdown of the dataset’s textual and temporal at-
tributes, capturing both per-domain variations and
global corpus metrics.

As indicated by the empirical properties summa-
rized in Table 15, the source segments are derived
from colloquial, fast-paced digital platform con-
tent.

At the macro level, the complete benchmark en-
compasses an aggregate audio footprint of 42.32
minutes of continuous, synchronized speech. The
individual segment durations span a highly dy-
namic and non-trivial range, from an ultra-short
minimum of 0.56 seconds (frequently capturing
urgent interjections or compact predicate structures
in ACGN) up to a maximum upper bound of 9.06
seconds (characterizing dense information delivery
and explanatory clauses in General Knowledge).

The corpus exhibits a stable global mean tempo-
ral budget of 2.54 seconds per utterance tightly cou-
pled with an average textual density of 11.90 Chi-
nese characters. This wide yet strictly calibrated
variance guarantees that constrained reinforcement
learning policies optimized under the Homura
framework are systematically evaluated against di-
verse temporal bottlenecks, faithfully simulating
the fluid pacing and volatile constraint environ-
ments of real-world media localization pipelines.

O Empirical Validation of Syllable as
Duration Proxy

To quantitatively validate the use of syllable count
as a proxy for physical speech duration under prac-
tical TTS deployment, we conduct two complemen-
tary experiments on the SAND-GLASS benchmark.

Experiment 1: Correlation between Syllables
and Speech Duration. We synthesize the En-
glish translations of a held-out subset using 9
TTS configurations spanning diverse paradigms:
cloud neural (EDGE-TTS Aria, Guy, Sonia), flow-
matching (KOKORO af_heart, am_michael), VITS
(PIPER lessac-medium, ryan-high), on-device trans-
former (KITTENTTS), and rule-based formant
(ESPEAK-NG). For each synthesized segment, we
measure the silence-trimmed audio duration. Ta-
ble 16 reports the Pearson correlation r between
syllable count and measured duration, as well as
the coefficient of determination R? from a linear
regression of duration on syllable count augmented
with a punctuation-break count (periods, commas,
and question marks, serving as a proxy for pause
insertions).

Speech duration is highly linearly correlated
with syllable count in every system (r =
0.89-0.98). Even for markedly slower or faster
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Table 16: Correlation between syllable count and mea-
sured TTS duration across 9 synthesis systems.

System r R? (+ punct.)
edge-tts / Aria (US-F) 0.913 0.950
edge-tts / Guy (US-M) 0.887 0.945
edge-tts / Sonia (GB-F) 0.943 0.948
Kokoro / af_heart (F) 0.975 0.954
Kokoro / am_michael (M) 0.975 0.954
Piper / lessac-medium 0.960 0.939
Piper / ryan-high 0.963 0.932
espeak-ng (formant) 0.953 0.944
KittenTTS (15M) 0.973 0.956

voices, the relationship remains linear, reducing
voice- and rate-differences to a one-scalar calibra-
tion. Cross-system residuals stem chiefly from
punctuation-induced pauses, which are themselves
text-predictable; adding a single punctuation-break
term yields R? = 0.93-0.96 for every system.

Experiment 2: Real Time Budget Compliance
in Spoken Speech. We synthesize every base-
line’s and HOMURA'’s translations on the SAND-
GLASS (Zh—En) subset with a single fixed TTS
voice (KOKORO, the system with near-zero inter-
cept in the above table, i.e., the most neutral du-
ration proxy). We compare the measured, silence-
trimmed spoken duration against each segment’s
original timestamp budget. Table 17 reports the
median ratio of spoken duration to the time bud-
get, where a value of 1.0 indicates that the speech
exactly fills the allotted time slot. Each baseline
row averages the four frontier systems from Table 3
within that category.

Table 17: Median spoken duration to time budget ratio
across strategies (Zh—En).

System Median dur / budget
Unconstrained LLMs 1.32
Prompt-based compression 1.13
Best-of-N 0.87
Pipeline post-editing 1.10
HOMURA 1.02

Unconstrained models typically run 32% over
the time slot, while prompt-based and pipeline base-
lines still exceed by over 10%. Best-of-N fits
the numerical budget only by systematically un-
dershooting (0.87x), which leaves the target slot
noticeably underfilled in actual speech. In con-
trast, HOMURA'’s spoken output is essentially cen-
tered on the real time budget (1.02x) in a single
pass, confirming that the syllable-constrained ob-

jective effectively delivers time-constrained behav-
ior when rendered as actual speech.

P Baseline Prompt Templates

We provide verbatim prompt templates for all base-
line categories used in Table 3. Original Chinese
instructions are shown with English translation in
brackets.

P.1 Category 1: Unconstrained

25 7E LR, EIRRE RN BSOS SR A
7, WRTEHENE R { target_language} -
30 {up_context}

N {down_context}

BRI EITENE, B RS R
Hi\: {input_text}

fanH
(English: “Given the context, translate
the input Chinese audio text completely

into {target_language}. Preceding con-
text: {up_context}. Following context:
{down_context}. Translate the input and output
the translation directly. Input: {input_text}.
Output:”)

P.2 Category 2: Prompt-based Compression
IERGR SR TN O S T = T e
ff{target_language}, %i A N — T jsonkg
o

context: EEHFINRULE L TUEER,
WENURERE, NTRERE

current_text: T ZemlIERIHSLNE -
syllable: HFIFIHIHETEE -

Bl K

a. BUAEEHRMBHE: RF
uk # ¥ 5 B {target_language}
HE / PAXETHE MHE t
F [{ratio_min}, {ratio_max}] []
N, AR ET DAGE i 3 ) 3 N 2 R R Bl A
b. BHEFETEME: BERAEERE P UARTT
BEFE X, BARRER -

< <t T X
= S

EARFIAT, R AT EX i R
B, BTN SEE R
YN
{
"context”: "XXXXXXXXX",

"current_text"”: "xxx"

’
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n

"syllable”: "xx
}
Bt xxx

IAEVE R L AR 225K 58 A an R FLA & A A 2
ROBNE, EEH H{target_language} Bl 1¥ 45
S, ANEFITAEAT R -
TN
{
"context": {context},
"current_text": {current_text},
"syllable": {syllable}

}
Bt -

(English: the model receives a JSON with the con-
text, the current Chinese text, and its syllable count;
it must (a) keep the target/source syllable ratio
within [{ratio_min}, {ratio_max}], adjusting
content as needed, and (b) preserve the complete-
ness and semantics of the source as much as pos-
sible; it outputs the translation directly without
explanation.)

P.3 Category 3: Best-of-N

T R S TN = T A I
B fli{target_language}fii & Ml & , FF
Enative speakerJUiIERIASIE, BWIAN—
T jsont&=, key NFS, value NINZ, —3t
H{FIR -

T VR R 45 SR B ¥ Fi{ target_language}/q
R, ZESKEH B AR AN R AR VR -
ST, T ZefliFE— " basehli A Y
K, R R G ERIRAR, REEX
IR ER Ty BB E R, DUE N AR
FATBE A [1] 5K

# FEEOREIAT

15 £ Ebase_translated_textfs A7 & 1R
o Mbase®ll 1% 45 B, Z J5 Llbasely %
M, translated_textfl HIRMNEHE R, X
SR T A8 AN A B B A ) 2 SR T 38 4 93
HET EMRA, FiRiEtranslated_text
HpEES R KIS B2 XA

BARN UL, EfifRtranslated_textH)F 4K
EESHE, HFEMNKEENHHA SR
F—1: KERK, EbasehftA Rl b i##1T
EEEIMNE, LA s imRAEE, Ak
IS, POEIIEREIR;

FE A baseffiR;

F=: {EbasehfUA FIEEA b MIEAS L EL B E
ViElE, AEERIE

HI (LR base B ERII Kb
5, AERSE SATHR b = A —
e

IR, S AMEN AR,
FEGIR T =P ER,

a. SEEEBRETONIEE, EREY (I
W TR FSA - R R
), T R

b. AR FRETHEER B2
% Freonsede . ENAEEM: EAAMG
(BTG < EFNE) BAURBEEE . (U
FEFTIRAS AR - SURBCS LI, S
B AR T DL R B
BB - SRR RE: KO BIAREEEL
AT, LR -

LTPNE

30 {up_context}
N {down_context}
®i\: {input_text}

(5 RN TR AHESE -
T

it {
"origin_text"”: "xxx",

"base_translated_text"”: ["xxx"],
"translated_text":

[naaaaan, ”bbbb", IICCCH, ”dd”]
}

A IR AR I oA B R SE AL T AL & A
WA BRI, Wl A®IEg R, HRR
[Fl{target_language}, NEHFITIEATHERE .
B

(the model first produces a base translation, then
rewrites it into four length-graded variants —
expanded, base, trimmed, and maximally con-
densed — under explicit content-preservation rules.
Among the candidates, the one whose syllable
count best fits the duration constraint is selected as
the final output.)

P.4 Category 4: Pipeline Post-editing

Stage 1 (Translation): Same as Category 1 (Un-
constrained) template above.

Stage 2 (Length Adjustment):

25 E B M H{target_language}Bl ¥, iH¥
g AT E T EENKE R .

text: JRX

translation: FHiE

53502



FRETAEE SRS R FTEREENES
B {target_lang_name}&E T&&E / HET
#E 7E {range} [X[AIPN, FRAT L3 M EH
BN RIREX A ERK -

BIRTE FIAZSKEFITRNE K AR, HiEh
BT BIELE R, N BT -

TN

text: {text}

translation: {translation}

Bt

(given the source text and its initial translation from
Stage 1, the model adjusts the translation’s length
so that the target/source syllable ratio falls within
{range}, adding or removing content as needed,
and outputs the revised translation directly.)

All baselines thus receive the same contextual
information and an explicit, quantitative syllable
budget where applicable. The fact that even these
carefully designed prompts achieve only limited
success (Table 3) underscores our central finding:
instruction-following alone is insufficient for rigor-
ous syllable-level control, motivating HOMURA’s
RL-based approach.
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