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Abstract

While Large Language Models have achieved
state-of-the-art performance in general ma-
chine translation, they frequently struggle to
adhere to complex stylistic nuances and lexical
constraints strictly and often revert to a neu-
tral style. The scarcity of style-specific par-
allel data hinders existing solutions, whereas
standard prompting lacks rigorous verification
mechanisms. To bridge this gap, we pro-
pose Style-Ruler, an inference-only agentic
framework that operationalizes style via un-
supervised extraction and neuro-symbolic ver-
ification. Style-Ruler orchestrates three spe-
cialized agents: (1) a Style-Reverse Ana-
lyst (SRA) that mines quantifiable linguistic
constraints from monolingual reference texts
via unsupervised extraction; (2) a Constraint-
Adaptive Translator (CAT) that employs a
Style-Chain-of-Thought mechanism to plan
stylistic adherence before generation explic-
itly; and (3) a Sandbox-Augmented Auditor
(SAA) that provides heterogeneous feedback
through deterministic code execution. These
components form a closed-loop refinement
mechanism where symbolic logic guides neu-
ral generation. Extensive experiments on the
GuoFeng Webnovel dataset and WMT24++
benchmark demonstrate the superiority of our
approach.  Style-Ruler achieves a CSR of
82.4% on stylized translation, surpassing stan-
dard Chain-of-Thought prompting by over
50%, while improving BLEU scores by +1.0
on En—Zh.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable advancements in machine translation
(MT), demonstrating strong performance even in
low-resource settings (Alves et al., 2023; Manakhi-
mova et al., 2024; Zhu et al., 2024c¢). Unlike tra-
ditional Neural Machine Translation (NMT) sys-
tems that rely on massive parallel corpora, LLMs
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leverage their emergent abilities to perform trans-
lation via in-context learning (Agrawal et al.,
2023; Cui et al., 2024; Zhu et al., 2024a). As the
scale of LLMs increases, they have shown the po-
tential to bridge linguistic gaps with high fluency
and coherence (Dong et al., 2025; He et al., 2024).

However, deploying LLMs for controllable and
stylized translation! remains a significant chal-
lenge (Tao et al.; Havaldar et al., 2025). Recent
evaluations reveal that while LLMs excel at cap-
turing the gist of a source text, they often fail
to preserve specific stylistic nuances or adhere to
strict lexical constraints (Kim et al., 2024). For in-
stance, Havaldar et al. (2025) observed a tendency
towards neutrality in LLM-generated translations
where the distinct voice of the original author is
often washed out. Similarly, Manakhimova et al.
(2024) found that general-purpose LLMs still lag
behind specialized NMT systems in handling fine-
grained linguistic phenomena, such as terminol-
ogy consistency, negation, and specific syntactic
structures (e.g., stripping). This limitation is par-
ticularly critical in professional scenarios (e.g., le-
gal or literary translation) where adherence to a
specific style guide or glossary is not merely a pref-
erence but a requirement (Kim et al., 2024).

Existing approaches to address these issues gen-
erally fall into two categories: supervised fine-
tuning (SFT) and prompt engineering (Zhang
et al., 2023; Zheng et al., 2024). SFT-based meth-
ods, such as constructing parallel datasets for style
transfer (Tao et al.), can effectively adapt mod-
els to a target domain. However, they suffer
from two significant drawbacks: (1) Data Scarcity:
high-quality parallel corpora aligned with specific
styles are expensive or impossible to obtain (Cole-
man et al., 2024); and (2) Catastrophic Forgetting:
fine-tuning of a particular style often degrades the

'A detailed delineation of our scope of stylized translation
is provided in Appendix A.4
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model’s general capabilities (Dong et al., 2025;
Zhu et al., 2024b). Prompt engineering and
retrieval-augmented generation offer a lightweight
alternative (Pourkamali and Sharifi, 2024). Yet,
LLMs often hallucinate or ignore complex instruc-
tions in the prompt, especially when multiple con-
straints (e.g., length, terminology, and tone) are
imposed simultaneously (Benkirane et al., 2024;
Coleman et al., 2024).

To bridge this gap, we propose Style-Ruler,
an inference-only structured agentic workflow that
disentangles style definition from content genera-
tion. Style-Ruler explicitly extracts stylistic fea-
tures and enforces them via a multi-agent work-
flow. Specifically, our framework comprises three
innovative modules: (1) Style-Reverse Analyst
(SRA): It functions as an unsupervised feature
miner to move beyond simple prompt instruc-
tions. By leveraging linguistic probing tools,
SRA extracts fine-grained metrics to translate
abstract style concepts into explicit, machine-
readable constraints. (2) Constraint-Adaptive
Translator (CAT): It employs a Style-Chain-of-
Thought (Style-CoT) mechanism, which explic-
itly plans its translation strategy based on the
SRA’s constraints. (3) Sandbox-Augmented Audi-
tor (SAA): It recognizes that LLMs struggle with
precise counting and logic verification and oper-
ates within a Python code sandbox to audit the
translation against the style brief.

Our main contributions are summarized as fol-
lows: (i) We propose a training-free methodol-
ogy that explicitly mines quantifiable linguistic
constraints from monolingual reference texts. (ii)
We design a new mechanism to bridge the gap
between neural generation and symbolic logic
and achieve rigorous adherence to hard con-
straints where purely probabilistic models typi-
cally fail. (iii) Extensive experiments on multi-
ple benchmarks demonstrate that Style-Ruler sur-
passes strong baselines in constraint satisfaction
rate and style alignment.

2 Related Work

Stylized and Constrained Translation Control-
ling the style (e.g., formality, literary tone) and lex-
ical constraints (e.g., terminology) of translations
is a longstanding challenge (Wang et al., 2023;
Coleman et al., 2024). Traditional approaches
rely on constructing large-scale parallel datasets
aligned with specific styles (Banerjee and Banik,

2025). Tao et al. (2025) proposed CAT-LLM,
which utilizes a text style definition module but ne-
cessitates training on ten parallel datasets to learn
style representations. Similarly, Havaldar et al.
(2025) introduced RASTA, a retrieval-augmented
method that aligns style by retrieving native ex-
emplars. While effective, these methods depend
heavily on the availability of reference corpora or
retrieval databases. Regarding lexical constraints,
Kim et al. (2024) demonstrated that fine-tuning
on terminology pairs can improve consistency in
specialized domains like patents. However, Man-
akhimova et al. (2024) indicates that even ad-
vanced LLMs struggle with fine-grained linguis-
tic constraints (e.g., stripping, negation) and often
default to a neutral and hallucinated style. Un-
like these works, Style-Ruler operationalizes style
not through implicit embeddings or parallel data,
but through unsupervised extraction of explicit lin-
guistic rules from monolingual text.

Agentic Collaboration and Verification The
deployment of LLMs as specialized LLM modules
has shown promise in complex reasoning tasks
(Moslem et al., 2023; Qian et al., 2024; Briva-
Iglesias, 2025; Feng et al., 2025). Structured agen-
tic workflows, such as TransAgents (Wu et al.,
2024), simulate the workflow of a translation com-
pany (translator, reviewer, proofreader) to improve
quality through iterative dialogue. Similarly, Ren
et al. (2026) proposed AdaDPI, an adaptive agen-
tic framework for document-level translation that
dynamically internalizes discourse constraints di-
rectly into model parameters, offering a comple-
mentary perspective on agentic translation control.
However, most existing agentic frameworks rely
on homogeneous feedback, in which one LLM cri-
tiques another in natural language. This leads to
error propagation, as LLMs are prone to halluci-
nations when verifying logical or arithmetic con-
straints (Guerreiro et al., 2023; Benkirane et al.,
2024; Gogoulou et al., 2025). To address this, re-
cent studies have explored tool-augmented agents.
Coleman et al. (2024) utilized rule-based sentence
builders to assist LLMs in low-resource transla-
tion. Building on this line of work, our framework
introduces a multi-agent collaboration mechanism.
Instead of relying solely on probabilistic critique,
our method executes deterministic code within a
sandbox to verify hard constraints. This heteroge-
neous feedback loop ensures rigorous adherence
to the style brief, distinguishing our approach from
purely neural revision methods.

17179



Style-Reverse Analyst (SRA)

Constraint-Adaptive Translator (CAT)

Sandbox-Augmented Auditor (SAA)

" Reference - " Source S\ W
: H spaC
A radlanr.future Die Zukunft sieht | P i 4
dawns with ) sehr hell und LH 0{ .
_boundless hope. ) \Foffungsvolats] g2 Analyze Style Constraints SAA
e — Generate Initial Draft
' ! . Refine via Style CoT llewite] Sty 1 @Q%
: Lexical Module ! — Code Sandbox
1 enerate Actions . @)
1 i @ Edit  © Delete Syntactic + sy.2 ~20%
| - ®Add O
Syntactic Module | Discourse sy.3 %ﬂ
1
@ Morphological & 1 : : n
i BB
Discourse Module 1 = > F
B BB
\ ——————————— H 3 i
JSON _ \H Draft Actions Draft | - o Final ]
{ “pass_ratio”: 0.2 | |:> [# Edit ©Delete :> The fstufloo:s H :> Judge :rad?ant f;:ture H
e H very bright an LA awns witl LH
lexical .anh H ® Add © FopefT. PASS boundless hope.
\“complexity”: } / o Y

© Error/Feedback

Figure 1: Illustration of the proposed Style-Ruler.

3 Methodology

The proposed Style-Ruler framework is illustrated
in Figure 1. We address the task of stylized ma-
chine translation where, in addition to the source
sentence x, a set of monolingual reference texts
‘R representing a specific target style is provided.
The objective is to generate a translation y that
preserves the semantics of x while adhering to
the linguistic and stylistic patterns inherent in
‘R. Unlike standard translation models that model
P(y|z) or rely on implicit style embeddings, we
decompose the generation process into an explicit,
interpretability-driven pipeline mediated by a dis-
crete style brief 5. Our framework coordinates
three specialized agents: (1) the Style-Reverse An-
alyst (SRA), which extracts the explicit style defi-
nition B from R via unsupervised mining; (2) the
Constraint-Adaptive Translator (CAT), which gen-
erates the translation conditioned on both x and B;
and (3) the Sandbox-Augmented Auditor (SAA),
which verifies the output using deterministic code
execution. These components form a collabora-
tive refinement loop in which heterogeneous feed-
back from the SAA guides the CAT to optimize the
translation until rigorous constraint satisfaction is
achieved iteratively.

3.1 Style-Reverse Analyst (SRA)

The primary objective of the SRA is to ex-
tract an explicit, machine-readable style definition
from a set of monolingual reference texts R =
{r1,7r2,...,rm}, without relying on parallel trans-
lation pairs. Unlike latent style representations
used in previous work (Tao et al.), SRA opera-
tionalizes style as a set of quantifiable linguistic

constraints. We define a feature extraction func-
tion ®(-) that maps a text sequence to a multi-
dimensional feature vector. To capture the mul-
tifaceted nature of style, ® is composed of three
distinct probing modules:

* Lexical Module (®P.,): This module ana-
lyzes vocabulary usage. It computes metrics
such as the Type-Token Ratio to measure vo-
cabulary diversity and calculates the density
of specific word classes to determine the reg-
ister.

e Syntactic Module (®gyy,): This module fo-
cuses on sentence structure. We parse each
sentence into a dependency tree to extract
structural features. Key metrics include the
average dependency distance, which corre-
lates with syntactic complexity, and the pas-
sive voice ratio.

* Morphological & Discourse Module
(®or): This module captures the texture and
rhythm of the text. It tracks the distribution
of verb tenses, grammatical person perspec-
tives, and sentence-length variance, which
reflects the rhythmic pacing of the writing.

For the entire reference set R, the SRA first
computes the feature vector for each sentence r;
and then aggregates them to form a global style
profile vz. The aggregation is performed via
mean pooling to minimize the noise from outliers:
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While v provides a numerical representation,
these raw numbers are not directly actionable for
a language model. Therefore, the SRA performs
a final summarization step. It takes both the raw
text R and the calculated profile vz as input to
generate a style brief (B). The (B) is a natu-
ral language description formatted as a JSON ob-
ject, containing specific constraints (detailed in
Appendix A.1).

3.2 Constraint-Adaptive Translator (CAT)

The CAT is responsible for generating the target
text. A common issue in standard LLM prompt-
ing is instruction skipping, where the model ig-
nores specific constraints when the context be-
comes complex. To address this, we introduce an
intermediate planning step z, termed Style Chain-
of-Thought (Style-CoT). We decompose the gen-
eration probability P(y|x, B) into two sequential
stages: planning and execution. Formally, given z
and B derived by the SRA, the joint probability is
factorized as:

P(y,z|x,B) = P(z|z,B) - P(y|z,B,z) (2)

Planning Execution

Phase 1: Planning (z). The CAT agent analyzes
B against z. It generates a natural language plan
z that explicitly identifies which words in z re-
quire terminological replacement and which syn-
tactic structures must be transformed. This step
forces the model to attend to the constraints before
committing to a translation.

Phase 2: Execution (y). Conditioned on the
plan z, the model generates the final translation
y. By explicitly conditioning on z, the generation
process is grounded in the style constraints, reduc-
ing the likelihood of reverting to the model’s de-
fault training distribution.

We implement this two-stage process within a
single inference call using a structured prompt.
The prompt template and examples of the Style-
CoT reasoning process are detailed in Appendix
A2

3.3 Sandbox-Augmented Auditor (SAA)

Existing agent workflows often employ one LLM
to critique another’s output. Since both the trans-
lator and the critic are neural probabilistic mod-
els, they share the same underlying weaknesses. If
an LLM struggles to count tokens or verify strict
set inclusion during generation accurately, a critic
LLM will likely fail to detect these errors during
evaluation. To address this, SAA introduces a het-
erogeneous feedback mechanism. We combine the
semantic understanding of neural models with the
rigor of symbolic logic. In this setup, the auditor
does not directly evaluate the text. Instead, it trans-
lates the constraints into a deterministic Python
script. The feedback comes from the execution of
this script rather than the model’s internal proba-
bilities. Formally, given the generated translation
y and B, the SAA generates a verification code
snippet c:

¢ = CodeGen(y, B) 3)

This script ¢ contains assertion statements map-
ping to the constraints in . We then execute ¢
in an isolated Python interpreter (Sandbox). We
define the execution function E/(-) which returns a
feedback signal f:

no error

f = B(o) = {PASS,

FAIL + Message(e), error
“)

This approach ensures that hard constraints are
verified by a system that effectively prevents log-
ical errors, thereby complementing the probabilis-
tic nature of the generation model (Details in Ap-

pendix A.3).

3.4 Collaborative Refinement Mechanism

The individual agents described above are inte-
grated into a closed-loop system. We treat the
translation process not as a one-shot generation,
but as a trajectory optimization problem over a
multi-turn dialogue. The collaboration is driven
by the interaction between CAT and SAA, initial-
ized by the style definition from the SRA. The pro-
cess begins with SRA extracting B from the ref-
erence set R. At the initial step (f = 0), CAT
generates a draft translation yg conditioned on the
source text « and B. For each subsequent iteration
t, SAA takes the current draft y; and generates a
verification script ¢;. Executing this script yields
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a deterministic feedback signal f;. The workflow
branches based on the content of f;:

1. Termination (Success): If f; returns PASS,
the system terminates, and g is output as the
final translation y*.

2. Iteration (Refinement): If f; contains error
messages, these errors are treated as negative
constraints. We update the dialogue history
H,; to include the rejected draft and the spe-
cific feedback.

Formally, we define refinement as a conditional-
probability update. Let H; denote the context
available to the CAT agent at step t. Attt = 0,
Hy = {z, B}. If the verification fails, the context
for the next step Hy, 1 is augmented with the error
information:

Hipy = Hy U{ys, fr, Iax} )

where [;; is a system instruction prompting the
model to correct the specific errors identified in
ft. CAT agent then generates a revised translation
Yr+1 by maximizing the probability conditioned
on this updated history:

Yi1 = argmax P(y[Heiq) (©6)
y

This iterative loop continues until the feedback
is PASS or a maximum retry limit 7}y, is reached.
If the loop terminates at 7,5, without verifica-
tion, we select the candidate y; that incurred the
fewest assertion errors as the fallback output. This
mechanism effectively converts the discrete sym-
bolic feedback from the code sandbox into seman-
tic guidance for the neural model. It forces the
translation to converge towards the constraints de-

fined in B.

4 [Experiments

We conducted extensive experiments and com-
pared them with a series of strong baselines.

4.1 Datasets

To comprehensively evaluate Style-Ruler across
varying levels of stylistic complexity, we con-
ducted experiments on two distinct datasets, one
representing stylized and the other general do-
mains. First, we employed the Chinese <> English
GuoFeng Webnovel dataset (Wang et al., 2024a)

to evaluate the framework’s ability to capture high-
resource stylistic nuances. Aligned with the WMT
2024 Discourse-Level Literary Translation task
standards, this dataset consists of web novel chap-
ters in the “GuoFeng” genre, which is rich in
semi-classical grammar, archaic terminology, and
four-character idioms. This stylized corpus pro-
vided the necessary monolingual references for
our Style-Reverse Analyst to mine explicit linguis-
tic constraints and verify the agent’s adherence to
a specific literary voice. In contrast, we utilized
WMT24++ (Deutsch et al., 2025), a large-scale
evaluation set that expands the language coverage
of WMT24 for the general domain. Specifically,
we evaluated the English <+ {Chinese, German,
Russian, Finnish} directions. This served as our
baseline for assessing standard translation quality
and ensuring that style constraints did not degrade
general linguistic proficiency.

4.2 Settings and Baselines

Settings. We employed DeepSeek-V3.2 (Liu
et al., 2025) as the backbone LLM for all agents in
our framework, owing to its strong multilingual ca-
pabilities and instruction-following performance.
For the SRA and the SAA, we set the sampling
temperature to 0.1 to ensure deterministic extrac-
tion and code generation. Conversely, for the CAT,
we set the temperature to 0.7 to balance stylistic di-
versity with coherence. The maximum retry limit
for the collaborative refinement loop (17,4,) Was
set to 3. For baselines or modules utilizing In-
Context Learning (ICL), the number of few-shot
exemplars (k) was set to 3.

Baselines. We compared Style-Ruler against a
diverse set of baselines covering prompting, self-
reflection, and hybrid paradigms. These included
Zero-shot and Few-shot (ICL) (Dong et al., 2024)
prompting, which served as fundamental base-
lines to gauge the model’s innate capabilities with
and without in-context exemplars, and Chain-of-
Thought (CoT) (Wei et al., 2022), which encour-
aged step-by-step reasoning to plan the transla-
tion before execution. Furthermore, we evalu-
ated against specialized frameworks such as TasTe
(Wang et al., 2024b), a self-reflection method
that improved translation quality through a two-
stage inference process of generation and refine-
ment; LLM-RBMT (Coleman et al., 2024), which
integrated rule-based constraints to assist LLMs,
particularly effective for enforcing strict linguis-
tic rules; and RASTA (Havaldar et al., 2025), a
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En=Zh Zh=En
Methods
BLEU COMET CSRpss CSRapp CSR, ;. BLEU COMET CSRpas CSRupp  CSRu L

Zero-shot 27.62 88.59 95.6 66.8 20.2 12.95 80.94 80.8 22.1 5.1
ICL (Dong et al., 2024) 29.23 89.20 95.8 68.5 24.5 13.42 81.52 83.2 28.4 8.6
CoT (Wei et al., 2022) 26.24 89.23 96.0 70.2 28.1 13.83 81.91 85.5 35.6 12.4
TasTe (Wang et al., 2024b) 28.13 89.10 96.2 72.5 354 14.51 82.42 88.0 45.2 20.5
LLM-RBMT (Coleman et al., 2024)  29.32 89.32 96.5 75.2 55.8 14.17 82.15 92.5 85.4 453
RASTA (Havaldar et al., 2025) 29.78 89.40 96.1 73.8 40.2 15.25 83.14 90.1 60.5 32.8
Style-Ruler 30.78 89.48 96.8 77.8 82.3 15.72 83.74 96.1 98.7 824

Table 1: Results on the GuoFeng Webnovel dataset for both En=-7Zh and Zh=-En directions. We report BLEU and
COMET for translation quality, and Constraint Satisfaction Rate (CSR) for style adherence. Specifically, CSRp,s,
CSR,pp, and CSR,;; denote the satisfaction rates for passive voice ratio, average dependency distance (syntactic

complexity) and the overall constraint set, respectively.

Methods En=Zh En=Ru En=-De En=Fi

BLEU COMET CSR BLEU COMET CSR BLEU COMET CSR BLEU COMET CSR
Zero-shot 43.95 84.99 21.20 24.61 89.22 0.00 30.54 85.88 0.00 23.41 91.42 0.00
ICL 44.53 85.12 2248 2493 90.38 145 31.22 86.45 2.53 2413 91.55 1.18
CoT 4421 85.05 24.12 2481 89.25 2.13  30.87 86.10 3.84 23.86 91.48 2.47
TasTe 44 .87 85.18 2549 25.12 89.31 3.52 3143 86.62 521 2452 91.60 3.83
LLM-RBMT 43.82 84.92 28.53 24.51 90.15 8.18  29.54 85.51 15.52  23.21 90.52 10.49
RASTA 45.12 85.20 26.04 25.26 90.32 453  31.85 86.80 6.53 25.12 91.75 4.22
Style-Ruler  45.52 85.24 3245 25.52 89.35 10.50 22.72 84.10 21.80 26.21 90.85 13.56

Table 2: Performance on English-to-X translation directions from WMT24++.

retrieval-augmented approach that aligned transla-
tion style by retrieving and referencing stylistic
exemplars from a datastore. The prompt formu-
lations of baselines are as in Appendix A.5.

Evaluation Metrics. We evaluated Style-Ruler
using both semantic and constraint-centric met-
rics. For translation quality, we reported BLEU
(Post, 2018) and COMET (Rei et al., 2020) to as-
sess n-gram overlap and semantic consistency, re-
spectively. To quantify style adherence, we pro-
posed the CSR, a metric grounded in our Sandbox-
Augmented Auditor’s verification logic. CSR de-
terministically calculated the percentage of sam-
ples satisfying specific constraints by executing
python scripts: we utilized the spaCy? library
for dependency parsing to verify syntactic re-
quirements (e.g., detecting auxpass labels for Pas-
sive Voice CSR, CSRy,s). We calculated Aver-
age Dependency Distance for syntactic complexity
(CSRapp), while using string operations for lex-
ical constraints. We reported these fine-grained
metrics alongside the strict Overall CSR (CSR 1),
which requires simultaneous satisfaction of all
constraints, on the stylized GuoFeng dataset. At
the same time, we focused on CSR,;, for the gen-
eral WMT24++ benchmark.

Zhttps://github.com/explosion/spaCy

4.3 Main Results

Table 1 reports the results on the GuoFeng Web-
novel dataset. This task presents a dual challenge:
maintaining the semantic integrity of the source
narrative while strictly adhering to the specific lit-
erary style defined in the references. Style-Ruler
achieves the best performance across all metrics
for both En—Z7h and Zh—En directions. In terms
of translation quality, it surpasses the strongest
baseline (RASTA) by +1.0 BLEU on En—Zh
and +0.47 BLEU on Zh—En. The improvement
in COMET scores confirms that our method pre-
serves semantic meaning more effectively than
standard in-context learning approaches. A criti-
cal observation lies in the CSR. Standard prompt-
ing methods (Zero-shot, CoT) and self-reflection
methods (TasTe) struggle to satisfy the complex
stylistic constraints, with CSR scores generally
remaining low (e.g., CoT achieves only 28.1%
CSRa1L on Zh—En). This indicates that, although
LLMSs can understand instructions, they often fail
to simultaneously enforce fine-grained lexical and
syntactic constraints during a single inference pass.
In contrast, Style-Ruler improves the CSRayy to
82.4%. This substantial margin validates the ef-
fectiveness of the SAA. A rigorous human evalu-
ation (Appendix A.6) further corroborates this re-
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Methods Zh=En Ru=En De=En Fi=En

BLEU COMET CSR BLEU COMET CSR BLEU COMET CSR BLEU COMET CSR
Zero-shot 25.83 84.02 10.00 23.61 84.35 1220 34.12 83.12 7.58  36.10 88.20 10.00
ICL 26.05 84.52 11.48 24.53 84.85 15.52 34.82 84.51 10.23  36.52 88.45 12.48
CoT 25.96 84.45 12.83 24.22 84.71 20.14 34.53 84.22 15.62  36.26 88.35 15.83
TasTe 26.21 84.81 13.52  25.13 85.12 2543 35.24 85.81 22.54 36.81 88.60 20.22
LLM-RBMT 25.72 84.21 14.83 24.02 84.52 55.18 33.52 84.02 6542 35.52 87.51 52.43
RASTA 26.36 84.95 13.22 2582 85.31 30.53 35.50 86.20 28.53 37.10 88.72 25.62
Style-Ruler  26.40 85.02 15.20 26.68 85.52 7310 3442 87.11 82.80 33.88 88.82 65.24

Table 3: Performance on X-to-English translation directions from WMT24++.

sult: Style-Ruler achieves a human Style Appro-
priateness score of 4.45 and a strong Spearman
correlation (p = 0.72, p < 0.01) between the au-
tomated CSR and human stylistic judgments.

Tables 2 and 3 present the performance on
the WMT24++ benchmark. Unlike the stylized
dataset, this setting evaluates the model’s abil-
ity to handle general domains under extracted
stylistic guidance from reference sets. In the
English-to-X task, Style-Ruler consistently out-
performs baselines, including retrieval-augmented
RASTA and fine-tuning-based LLM-RBMT. For
instance, Style-Ruler achieves a BLEU score of
26.21, significantly higher than the Zero-shot base-
line (23.41) and RASTA (25.12) in En—Fi. This
suggests that the constraints extracted by the SRA
do not introduce noise or degrade the general trans-
lation capability. Instead, they serve as effective
guide rails that steer the model toward more native-
like expressions in the reference set. Results in
the X-to-English directions show a similar trend.
Our method maintains high performance even
when translating between linguistically distant lan-
guages such as Chinese and Russian. While
some baselines, such as TasTe, achieve competi-
tive BLEU scores on specific pairs (e.g., Ru—En),
they lag significantly in CSR. It implies that their
translations may not accurately reflect the target
domain’s specific linguistic features. Style-Ruler
effectively balances this trade-off, delivering trans-
lations that are both semantically accurate and
stylistically compliant.

We also observe a pronounced target-language
asymmetry in CSR across Tables 2 and 3: con-
straint satisfaction rates are significantly higher
when translating into high-resource languages
(e.g., X—En, En<Zh) than into morphologi-
cally complex targets such as Finnish or Russian
(En—Fi/Ru). This discrepancy stems from two
compounding factors: (1) the backbone LLM’s

Methods | BLEU COMET | CSRuLL
Style-Ruler | 1572 8374 | 824
w/o SRA 1405 8120 | 585
w/o Style-CoT | 14.88 8255 | 556
w/LLM-Critic | 15.10 8290 | 63.8

Table 4: Ablation results on the GuoFeng dataset.

diminished instruction-following capacity when
generating in lower-resource target languages,
causing it to prioritize basic semantic fidelity over
structural stylistic constraints; and (2) a typolog-
ical bias in our verification tooling, as the under-
lying spaCy parsers are less robust at verifying
complex syntactic dependencies in agglutinative
or morphologically rich languages, resulting in
higher rates of sandbox verification failures.

Furthermore, to show the generalizability of our
framework beyond the archaic literary genre, we
conducted extensive evaluations in Appendix A.9.
An analysis of inference efficiency and computa-
tional cost is provided in Appendix A.10, and ro-
bustness to reference sparsity is evaluated in Ap-
pendix A.8.

4.4 Ablation Study

To validate the effectiveness of Style-Ruler, we
conducted an ablation study on the GuoFeng
(Zh—En). We compared the complete Style-Ruler
framework with three distinct variants to isolate
the contributions of SRA, CAT, and SAA as fol-
lows: (i) w/o SRA (Generic Prompt): We re-
placed the fine-grained Style Brief extracted by
SRA with a generic stylistic instruction. (ii)w/o
Style-CoT (Direct Gen): We removed the inter-
mediate planning step from the CAT agent. (iii)
w/ LLM-Critic (Homogeneous): We replaced the
SAA with a standard LLM-based evaluator.

Table 4 presents the results. We observe that re-
moving the SRA (w/o SRA) results in the most sig-
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nificant decline in both translation quality (—1.67
BLEU) and constraint satisfaction (CSRay 1 drops
to 58.5). Without the explicit Style Brief mined
from reference texts, the model fails to capture
specific linguistic nuances, such as passive-voice
ratios and syntactic complexity. This confirms
that unsupervised rule mining is foundational for
defining the target style. Then, we can find that
“wlo Style-CoT" leads to a substantial decrease
in CSRarL (55.6 vs. 82.4). While the BLEU
score remains relatively competitive, the model
struggles to satisfy multiple constraints simulta-
neously. The planning agent effectively decom-
poses the complex generation task and makes the
model allocate attention to specific constraints be-
fore generation. Finally, “w/ LLM-Critic" yields
a CSRarr of 63.8, which is notably lower than
the complete model’s 82.4. While the LLM-Ceritic
improves upon the direct generation baseline, it
suffers from homogeneous failure modes. In con-
trast, the SAA provides rigorous, irrefutable error
signals that compel the translator to converge on
the correct style. This demonstrates that heteroge-
neous feedback is critical for high-precision con-
straint satisfaction.

4.5 Fine-grained Style Controllability
Analysis

A distinguishing feature of Style-Ruler is its abil-
ity to operationalize abstract style into quantifi-
able constraints. To assess the precision of this
control mechanism, we examined the correlation
between the target linguistic metrics specified in
the Style Brief and the actual metrics observed
in the generated translations. We designed a con-
trolled experiment in which the passive voice ra-
tio was the target variable, ranging from 0.0 (fully
active) to 1.0 (entirely passive) in increments of
0.1. We compared Style-Ruler against a strong
prompting baseline (DeepSeek-V3.2 with explicit
instructions, e.g., “Use 30% passive voice"). We
computed the Pearson Correlation Coefficient (p)
to quantify the linearity of the control.

Figure 2 illustrates the results. The baseline
model exhibits a weak correlation (p = 0.18),
with generated values clustering around 0.15 ~
0.25. This suggests that LLMs exhibit a neutrality
collapse, defaulting to the statistical mean of their
pretraining data regardless of numerical instruc-
tions. The model fails to map abstract percentage
constraints to token-level generation probabilities.
In contrast, Style-Ruler demonstrates a high de-

1.0 Ideal Control (y=x)
DeepSeekV3.2 (Prompting)
Style-Ruler (Ours)

0.8

0.6

0.4

0.2

Measured Passive Voice Ratio (in Translation)

0.0

0.0 0.2 04 0.6 0.8 1.0
Target Passive Voice Ratio (in Style Brief)

Figure 2: Controllability analysis of the Passive Voice
Ratio.

En—Fi (Legal) | En—De (OOD)
Methods ‘BLEU CSR | COMET CSR |
Zeroshot | 342 156% | 851  8.5%
CoT 348 312% | 849 331%
Style-Ruler | 35.5 94.2% | 83.6  954% |

Table 5: Generalization performance on WMT24
across different languages and OOD constraints
DeepSeek-V3.2.

gree of controllability (p = 0.94). As the target
ratio increases, the measured ratio in Style-Rulers
output follows a near-linear trajectory along the
y = x diagonal (p = 0.94). This high degree
of controllability emerges from a synergistic dy-
namic between the CAT’s planning and the SAA’s
verification. While the intermediate Style-CoT
planning effectively guides the model to satisfy
constraints on the first attempt for a majority of
straightforward cases, LLMs still inevitably suffer
from “neutrality collapse” on linguistically com-
plex sentences, resisting the target distribution.

4.6 Cross-Lingual & Out-of-Distribution
Generalization

A unique challenge in agentic translation work-
flows is whether stylistic rules extracted in one
language can be universally applied to translat-
ing into another. In this section, we reframe the
traditional concept of cross-lingual transfer into
an inference-time cross-Lingual zero-Shot gener-
alization setting. Our motivation is highly practi-
cal: high-quality stylistic reference texts (e.g., for-
mal legal templates) are often abundant in high-
resource languages like English but scarce in oth-
ers. We test whether the SRA can extract abstract
stylistic constraints from an English reference set,
and whether the CAT and SAA can subsequently
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enforce these exact rules when translating into
a morphologically different target language (e.g.,
Finnish). Because our framework relies on Python
logic and multilingual dependency parsers (spaCy)
rather than language-specific neural weights, the
extracted constraints act as an interlingua. Table 5
demonstrates that Style-Ruler effectively enforces
English-derived legal constraints (high passive ra-
tio, formality) onto Finnish outputs, significantly
outperforming CoT baselines. This confirms that
our neuro-symbolic approach harnesses the inher-
ent multilingual alignment of the backbone LLM,
successfully generalizing explicit stylistic logic
across language barriers without requiring any
cross-lingual fine-tuning.

5 Conclusion

We introduced Style-Ruler, an inference-only
framework that addresses LLMs’ limitations in ad-
hering to complex stylistic and lexical constraints.
By decomposing the translation process into un-
supervised rule extraction, explicit planning, and
code-based verification, our approach effectively
decouples style definition from content generation.
The integration of a heterogeneous feedback mech-
anism ensures rigorous compliance with hard con-
straints, where purely probabilistic models often
fail. Empirical results on the GuoFeng Webnovel
and WMT24++ benchmarks confirm that Style-
Ruler significantly outperforms strong baselines
in both constraint satisfaction and style alignment.
Style-Ruler bridges the gap between probabilistic
neural generation and deterministic constraints.

Limitations

The iterative nature of the agentic workflow in-
evitably increases inference latency and compu-
tational cost compared to single-pass prompting.
While Style-Ruler effectively ensures quality for
high-stakes offline tasks (e.g., literary or legal
translation), it may not be suitable for real-time ap-
plications that require millisecond-level response
times. Our current framework focuses on quan-
tifiable stylistic features (e.g., lexical density, syn-
tactic structure). Highly abstract or subjective
stylistic elements, such as sarcasm, humor, or spe-
cific cultural metaphors, remain challenging to ver-
ify deterministically through code execution and
may still benefit from human-in-the-loop evalu-
ation. Furthermore, while our quantifiable met-
rics effectively steer stylistic generation, the cur-

rent SRA module exhibits an Indo-European typo-
logical bias inherited from the underlying depen-
dency parsers (e.g., spaCy). For instance, com-
puting tense ratios is not meaningfully applicable
to isolating languages like Chinese, which lack
inflectional tense morphology. Similarly, passive
voice ratios do not seamlessly translate to lan-
guages with ergative-absolutive alignments. Fu-
ture iterations of Style-Ruler must incorporate
typologically-aware or language-specific feature
extractors to ensure true cross-lingual universality.
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A Appendix

A.1 Implementation Details of Style-Reverse
Analyst

Rather than relying on latent embeddings, the SRA
operationalizes the stylistic skeleton into quantifi-
able linguistic constraints rooted in computational
stylistics. Specifically, we extract three categories
of macroscopic features: 1) Lexical Metrics: Lex-
ical density and domain-specific terminology ra-
tios, which dictate the formal register and infor-
mation packaging. 2) Syntactic Metrics: Average
Dependency Distance (ADD) and passive voice ra-
tios. These govern the structural complexity and
rhetorical stance (e.g., objective distancing in le-
gal texts). 3) Discourse Metrics: Sentence length
variance and tense distributions, which control the
narrative rhythm.

We rely on this explicit rule mining because
prior literature and our preliminary observations
indicate an inherent limitation in general-purpose
LLMs: they suffer from “instruction neglect” and
“neutrality collapse” when prompted with complex
or abstract constraints during a single inference
pass, frequently reverting to the statistical mean
of their pretraining corpora (He et al., 2024).

A.1.1 Linguistic Metrics Definition

To implement the feature extraction function P,
we use the spaCy library for dependency parsing
and Part-of-Speech tagging. The specific metrics
for the three modules are defined as follows:

1. Lexical Metrics (®).y)

* Lexical Density: Calculated as
Ncontent /Ntotal’ where Ncontent is the count
of nouns, verbs, adjectives, and adverbs, and
Niotal is the total token count. High density
typically indicates an information-heavy or
academic style.

Connector Frequency: The frequency of ex-
plicit discourse markers normalized by sen-
tence length. This is computed via a hy-
brid method: tokens are matched against
a language-specific, manually-curated list
of transitional markers (e.g., “furthermore”,
“however”) and their structural role is verified
using spaCy dependency tags (e.g., ensuring
they are parsed as advmod or mark modifying
a clausal root).

2. Syntactic Metrics (gyr,)

» Average Dependency Distance (ADD):
This metric measures syntactic complexity.
For a sentence of length n, it is defined as:

1 &K,
ADDzn_liz;zh(z)] (7)

where i is the position of a word and h(7) is
the position of its syntactic head. Dividing by
n — 1 normalizes the sum by sentence length,
preventing longer sentences from spuriously
inflating the score.

* Passive Ratio: The number of sentences con-
taining nsubjpass or auxpass dependency
labels divided by the total number of sen-
tences.

3. Morphological & Discourse Metrics (P,,,,)

e Tense Distribution: We calculate the ratio
of past tense verbs (POS tags VBD, VBN) to
present tense verbs (VBP, VBZ).

* Sentence Length Variance: We compute
the normalized variance of sentence lengths
across the reference set R, defined as the raw
variance divided by the squared mean sen-
tence length L?:

NormVar(L) = V&IE;L) (8)
This normalization prevents styles with intrin-
sically longer sentences from exhibiting spu-
riously higher variance. A high value indi-
cates a style that mixes short and long sen-
tences (e.g., literary), while a low value indi-

cates uniformity (e.g., technical manuals).

A.1.2 SRA Prompt Template

Table 6 shows the exact prompt used to convert the
calculated statistics into the JSON Style Brief.

A.2 Implementation Details of
Constraint-Adaptive Translator

A.2.1 Style-CoT Prompt Design

The CAT agent uses a structured prompt to enforce
the generation of the planning step (z) before the
translation (y). Table 7 presents the prompt tem-
plate.
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System Instruction for SRA

System Instruction for CAT

You are a linguistic analysis tool. Your goal is to convert
statistical features into a structured style definition.

Input Data:

- Reference Text Snippets: [Insert 3-5 examples from R]
- Computed Stats:

— Passive Voice Ratio: {val} (High if > 0.3)

— Lexical Density: {val}

— Sentence Length Std Dev: {val}

Task:

Generate a JSON object describing this style. The tone
field should summarize the register. The constraints list
should specify hard rules derived from the stats.

Output Schema:

{

“tone": “...",
“mandatory_constraints": [“..."],
“negative_constraints": [“..."]

}

Table 6: The prompt template used by the Style-
Reverse Analyst.

A.2.2 Inference Configuration

For the CAT module, we use a temperature setting
of 0.7 to allow for stylistic flexibility while main-
taining coherence. The maximum token limit for
the plan z is set to 100 tokens to encourage con-
cise reasoning. We parse the final output using
regular expressions to separate the plan from the
final translation.

A.3 Implementation Details of
Sandbox-Augmented Auditor

A.3.1 Verification Logic Types

The SAA bridges natural-language constraints and
symbolic verification via specific logical patterns.
We classify the verification scripts into three cate-
gories based on the tool required:

1. String Operations (Lexical Check): For
terminology constraints, the SAA generates
code using basic string methods or regular ex-
pressions.

e Example Constraint: “Must include

semiconductor".

e Code: assert “semiconductor”
in translation, “Missing term:
semiconductor”

2. Arithmetic Logic (Length Check): Neural
models often fail at precise counting. The
SAA delegates this to the Python interpreter.

You are a professional translator. You must translate the
source text into the target language while strictly adhering
to the provided "Style Brief".

Input Data:
- Source Text (x): [Insert Source Sentence]
- Style Brief (5): [Insert JSON from SRA]

Instruction:

Perform the task in two steps:

1. Plan (2): Analyze the source text. List specific changes
needed to satisfy the Style Brief (e.g., “I must use the term
X for Y", “I must restructure the sentence to be passive").
2. Translate (y): Generate the final translation based on
the plan.

Output Format:
[Plan]: ...
[Translation]: ...

Table 7: The prompt template for the Constraint-
Adaptive Translator using Style-CoT.

* Example Constraint: “Sentence length
under 20 words."

* Code: assert
len(translation.split()) <
20, “Text too long"

3. Linguistic Tooling (Syntactic Check): For
abstract constraints like “passive voice", the
SAA generates code that calls the spaCy li-
brary within the sandbox to parse the depen-
dency tree of the generated text, ensuring the
linguistic structure matches the requirement.

A.3.2 SAA System Prompt

Table 8 shows the instructions given to the SAA
agent. Note that the agent is explicitly instructed
to write assert statements that trigger the heteroge-
neous feedback mechanism when executed.

A critical vulnerability in code-augmented
agents is the generation of syntactically invalid
or logically flawed scripts. To ensure systemic
robustness, the execution function E(c) encapsu-
lates the code within a strict try-except block.
If the script crashes due to a runtime error (e.g.,
invalid syntax or API failures) rather than an as-
sertion failure, the framework captures the stack
trace and prompts the SAA to self-correct its script.
If the SAA fails to produce executable code af-
ter two attempts, Style-Ruler gracefully degrades:
it bypasses the deterministic verification for that
specific turn and falls back to the latest generated
draft from the CAT. This fail-safe mechanism en-
sures that translation pipelines are never halted by
anomalous script generation.
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System Instruction for SAA

You are a QA Engineer. Your task is to write a Python
script to verify if a translation strictly meets the require-
ments in the Style Brief.

Input Data:
1. Translation (y): [Generated Text]
2. Style Brief (B): [JSON Object]

Task:

Write a Python function verify(text) that executes log-
ical checks.

- Use assert statements for each constraint.

- If a constraint fails, the assertion message must clearly
state what was expected vs. what was found.

- For linguistic checks (e.g., passive voice), import and use
spacy.

Output Format:

def verify(text):
# Check 1: Terminology
assert “term” in text, “Missing term..."
# Check 2: Length

Table 8: The prompt template for the SAA agent. The
generated code produces deterministic feedback when
executed.

A.4 Scope of Stylized Translation and
Theoretical Justification

In response to the multifaceted nature of “style”
in natural language, we explicitly delineate the
boundaries of stylized translation addressed in
Style-Ruler. The concept of style encompasses a
broad spectrum, ranging from abstract literary de-
vices (such as authorial voice, sarcasm, and cul-
tural metaphors) to structural linguistic patterns
(such as formality, register, and syntactic complex-
ity).

The SRA and SAA modules in our frame-
work are designed to operate within the paradigm
of computational stylistics and register variation
(Plag et al., 1999). We do not claim to determin-
istically map or verify highly abstract literary se-
mantics. Instead, we hypothesize that the struc-
tural “skeleton” of a style can be rigorously mod-
eled and constrained. This scoping aligns with
established sociolinguistic frameworks, most no-
tably Biber’s Multidimensional Analysis (MDA),
which posits that text genres and styles can be ro-
bustly differentiated using co-occurring, quantifi-
able linguistic features (Biber, 1995). To address
whether these statistical indicators align with hu-
man judgments of stylized translation, we anchor
our metric selection in linguistic literature. The
specific constraints extracted by SRA serve as es-
tablished proxies for human stylistic perception:

Lexical Density and Sentence Length Variance.
Lexical density is a primary indicator of text for-
mality and information packaging. High lexical
density is cognitively associated with academic, le-
gal, or formal written styles, whereas lower den-
sity characterizes conversational or colloquial text
(Plag et al., 1999). Similarly, sentence length vari-
ance dictates the rhythmic pacing of a narrative.
Enforcing these metrics does not merely alter to-
ken counts; it fundamentally shifts the register of
the generated text, which is the most immediate
stylistic cue perceived by human readers (Kao and
Jurafsky, 2012).

Syntactic Complexity (Dependency Distance).
Average Dependency Distance (ADD) is deeply
tied to cognitive load and language processing
(Futrell et al., 2015; Liu, 2008). Specialized do-
mains (e.g., archaic literature in the GuoFeng
dataset or bureaucratic documents) frequently em-
ploy complex, long-distance dependencies that
are atypical in general-domain pretraining corpora.
By enforcing ADD constraints, SAA compels the
neural model to adopt the syntactic scaffolding in-
herent to the target domain, effectively preventing
the LLM from reverting to its default, flattened
syntactic distribution.

Passive Voice and Discourse Markers. The dis-
tribution of voice and explicit connectors dictates
the rhetorical stance of a text. For instance,
scientific and legal translations strictly mandate
high passive ratios to maintain objective distanc-
ing (Plag et al., 1999). Correcting these ratios
via SAA’s deterministic feedback ensures that the
translation respects the stylistic conventions of the
target discipline.

In summary, while our quantifiable metrics do
not capture the entirety of literary style, they gov-
ern the structural and syntactic dimensions that
form the prerequisite for any stylized translation.
Successfully enforcing these constraints steers the
LLM into the correct stylistic subspace, thereby
significantly elevating the human perception of do-
main adherence.

A.5 Detail Baselines and Prompt Fairness

To ensure a strictly fair comparison and avoid eval-
uating baselines on unseen criteria, we standardize
the prompt formulations across all zero-shot and
CoT baselines. Specifically, we do not provide
them with vague stylistic descriptions (e.g., “trans-
late in a literary tone”); instead, we inject the ex-
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act explicit constraints derived from our SRA mod-
ule (e.g., specific passive voice ratios and strict
vocabulary inclusions) directly into their system
prompts. The failure of baseline models to satisfy
these constraints stems from the inherent “instruc-
tion neglect” phenomenon during single-pass neu-
ral generation (Zhou et al., 2023), rather than an
asymmetry in the provided information.

A.6 Human Evaluation and Correlation
Analysis

A critical concern regarding our unsupervised fea-
ture extraction is whether quantifiable metrics
(e.g., syntactic complexity, passive ratios) gen-
uinely reflect human perception of a stylized text.
To empirically validate the alignment between our
deterministic Constraint CSR and human subjec-
tive judgments, we conducted a rigorous human
evaluation on a stratified sample of 200 sentences
from the GuoFeng (Zh—En) translation task.

Setup and Metrics. Three professional bilin-
gual linguists, blinded to the model identities, eval-
uated the outputs. Following standard WMT pro-
tocols, they rated each translation on three di-
mensions using a 1-5 Likert scale: Adequacy
(preservation of source meaning), Fluency (gram-
matical correctness), and Style Appropriateness
(how well the translation captures the archaic, lit-
erary flavor of the reference). To measure inter-
annotator agreement (IAA), we calculated Fleiss’
Kappa (k). Finally, we computed the Spear-
man’s rank correlation (p) between the automated
CSRar1, and the human Style Appropriateness
scores.

Table 9 details the evaluation outcomes. While
baselines like CoT and RASTA perform ade-
quately in meaning preservation, they struggle sig-
nificantly with stylistic alignment (scoring 2.58
and 3.42, respectively). Style-Ruler achieves a
superior Style score of 4.45 with the lowest vari-
ance (£ 0.31), demonstrating consistent stylistic
enforcement. Most importantly, the correlation
analysis directly addresses the validity of our quan-
tifiable metrics. We observed a strong, statistically
significant positive correlation (p = 0.72,p <
0.01) between the automated CSRp 1, and human
stylistic judgments for Style-Ruler. This provides
concrete evidence that while lexical density and
dependency distances act as structural constraints,
successfully enforcing them effectively steers the
LLM into the target stylistic subspace, resulting in
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Figure 3: CSR under varying reference set sizes (|R|).
Style-Ruler maintains superior performance and sta-
bility even in the extreme 1-shot setting, whereas the
prompting baseline exhibits high variance and poor ad-
herence when data are scarce.

translations that human readers perceive as signifi-
cantly more authentic.

A.7 Independent Style Consistency
Evaluation

A potential critique of the CSR is that it intrinsi-
cally favors the Style-Ruler framework, which ex-
plicitly optimizes against these exact Python asser-
tions. To corroborate the CSR findings and en-
sure evaluation fairness, we introduced two inde-
pendent, reference-free style metrics that operate
entirely outside our SRA/SAA loop. First, we de-
ployed an independent GPT-5.4 evaluator (GPT-
5.4) prompted solely with the source text and the
monolingual reference domain (without exposing
it to the discrete SRA constraints). It was tasked to
blindly score the stylistic resemblance of the out-
puts on a 1-100 scale. Second, we utilized a pre-
trained domain classifier (BERT-Style-Cls), fine-
tuned on general vs. domain-specific corpora, to
output the probability (Ps;,c) that a translated sen-
tence belongs to the target stylized distribution. As
detailed in Table 10, Style-Ruler significantly out-
performs standard CoT and RASTA across both
independent metrics. The BERT-Style-Cls assigns
a 0.88 probability to our outputs, compared to
0.45 for zero-shot prompts. This confirms that the
stylistic advantages captured by the CSR metric
translate robustly to broader, constraint-agnostic
stylistic evaluations.

A.8 Robustness to Reference Sparsity

In real-world scenarios, obtaining a large corpus
of reference texts for a specific niche style (e.g.,
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Methods Human Evaluation (1-5) Correlation
Adequacy  Fluency Style CSR vs. Style (p)

Zero-shot  3.82 +0.41 4.10+0.35 2.15+0.52 0.31

CoT 395+ 0.38 4.25+0.30 2.58 +0.61 0.45

RASTA 412+ 0.33 430+ 0.28 3.42+0.45 0.58

Style-Ruler 4.28 + 0.25 4.35 + 0.22 4.45 + 0.31 0.72

Fleiss’ k 0.68

0.71

0.64 -

Table 9: Human evaluation results on the GuoFeng dataset (200 samples). Style-Ruler not only achieves the
highest human ratings across all dimensions but also exhibits a strong positive correlation (p = 0.72) between its

deterministic CSR and human stylistic judgments.

Methods GPT-5.41 BERT-Style-Cls (Ps;yie) T
Zero-shot 452 0.45
CoT 52.8 0.51
RASTA 68.4 0.63
Style-Ruler 84.5 0.88
Table 10: Independent style consistency evaluation.

Both metrics are completely agnostic to the explicit
constraints used in our CSR metric, confirming the gen-
eralizable stylistic superiority of Style-Ruler.

a particular author’s idiolect) is often impractical.
Therefore, data efficiency is a critical metric. We
evaluate the robustness of Style-Ruler by varying
the size of the reference set |R| (number of shots)
from 1 to 10 on the GuoFeng dataset. We compare
our method against standard Few-Shot Prompting,
in which the reference texts are provided directly
within the context window as demonstrations. Fig-
ure 3 illustrates the performance trends in terms of
CSR. We observe two distinct behaviors:

» High Efficiency of Style-Ruler: Our method
achieves a high CSR (> 80%) even in the
1-shot setting. This stability stems from the
SRA. Even with a single reference document,
the SRA can successfully extract abstract lin-
guistic statistics (e.g., "sentence length vari-
ance = high") and formulate them into ex-
plicit constraints. The subsequent neuro-
symbolic verification ensures that these con-
straints are enforced, thereby reducing the
system’s dependence on the volume of refer-
ence data.

¢ Instability of Few-Shot Prompting: The
baseline exhibits high variance and poor per-
formance in low-resource settings (|R| <

3). Standard LLMs struggle to infer complex
stylistic patterns solely from one or two ex-
amples, often defaulting to their pre-trained
generic style. While the baseline’s perfor-
mance improves as |R| increases, it eventu-
ally plateaus below Style-Ruler, limited by
the context window and by the model’s inher-
ent difficulty in attending to long-tail stylistic
features.

These results confirm that Style-Ruler effec-
tively decouples the quality of style transfer from
the quantity of reference data, offering a robust so-
lution for low-resource style adaptation.

A.9 Generalization to Diverse Stylistic
Typologies

A fundamental prerequisite for a controllable gen-
eration framework is its domain agnosticism. To
empirically validate that the performance gains of
Style-Ruler are not confined to the specific linguis-
tic features of the GuoFeng Webnovel dataset (i.e.,
archaic and literary tones), we expanded our eval-
uation paradigm to include two diametrically op-
posed stylistic extremes. We selected two new
translation settings that impose orthogonal linguis-
tic constraints:

* Legal/Bureaucratic (En—De): Sourced
from the JRC-Acquis corpus (Steinberger
et al., 2006). This domain exemplifies maxi-
mum structural rigidity. Unsupervised extrac-
tion via our SRA module identified require-
ments for high passive voice ratios (> 40%),
extensive dependency distances (due to com-
plex subordinate clauses), and strict adher-
ence to formal terminologies.
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¢ Colloquial Subtitles (En—Fr): Sourced
from the OpenSubtitles dataset (Lison and
Tiedemann, 2016). This domain represents
informal spoken register. The SRA dynami-
cally extracted rules enforcing brevity (strict
token limits), high active voice ratios, and
the preservation of specific discourse markers
(e.g., colloquial contractions and morpholog-
ical reductions).

Table 11 summarizes the translation quality
(BLEU, COMET) alongside the specific Con-
straint Satisfaction Rates (CSR) across these new
domains. The empirical results reveal a consis-
tent trajectory. Baseline paradigms, including
Chain-of-Thought and retrieval-augmented sys-
tems (RASTA), exhibit severe performance degra-
dation when asked to adhere to strict stylistic
blueprints. They frequently default to the statis-
tical mean of their pretraining distribution, out-
putting a “neutral” translation regardless of the
prompt. In contrast, Style-Ruler doubles the CSR
across both extremes (reaching 88.2% for Legal
and 91.5% for Subtitles). This robust general-
izability is directly attributable to the architec-
tural decoupling within our framework. Because
the SRA functions purely as an analytical probe
and the SAA operates as a deterministic execu-
tion engine, the agents themselves hold no domain
bias. They systematically operationalize whatever
structural logic is present in the reference texts,
confirming that Style-Ruler is a universal mecha-
nism for stylistic alignment rather than a domain-
specific heuristic.

A.10 Inference Efficiency and Cost

Agentic frameworks inherently introduce compu-
tational overhead compared to single-pass prompt-
ing. To verify whether Style-Ruler remains prac-
tical for real-world deployment, we analyzed the
trade-off between translation quality (CSR) and
inference cost (Latency and Token Usage). We
measured the average wall-clock time per sen-
tence on the GuoFeng dataset using the same hard-
ware environment. Figure 4 visualizes the Quality-
Latency landscape. As expected, the Zero-shot
baseline is the fastest (1.2s/sentence) but yields the
lowest compliance (21.2% CSR). The CoT base-
line increases latency to 2.5s due to the generation
of reasoning steps, yet only marginally improves
compliance.

Style-Ruler operates with an average latency of

Efficiency vs. Performance Trade-off

timal Regic
(High CSR, Acceptable Latency
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Figure 4: Efficiency-Performance Trade-off Analysis.
The x-axis denotes inference latency, and the y-axis
represents the CSR. Bubble sizes are proportional to
the number of tokens consumed. Style-Ruler achieves
a substantial leap in performance with a manageable
increase in latency compared to iterative baselines like
Self-Refine.

4.8s per sentence. While this is approximately
2x slower than CoT, it achieves a decisive CSR
of 82.4%. Further breakdown of the time bud-
get reveals that Python code execution within the
SAA accounts for less than 5% of the total la-
tency, indicating that the overhead is primarily
due to the iterative generation of the Translator
agent. Crucially, our analysis of the iteration dis-
tribution shows that the system is highly conver-
gent. On average, 68% of samples pass verifica-
tion in the first round (requiring no refinement),
and 92% converge within two rounds. The av-
erage number of inference calls is 1.4 per sen-
tence. This demonstrates that Style-Ruler does not
rely on brute-force resampling. Instead, the neuro-
symbolic feedback efficiently guides the model to
the target distribution, making the computational
cost predictable and manageable for high-stakes
offline applications where precision is paramount.

A.11 Impact of Backbone Models

To verify the universality of our framework be-
yond open-source models, we applied Style-Ruler
to GPT-40, one of the strongest proprietary LLMs
available. We conducted experiments on the
GuoFeng Webnovel dataset (En<+Zh) and com-
pared our method against Zero-shot, Few-shot ICL.
(5-shot), and Supervised Fine-Tuning (LoRA).
Figure 5 presents the performance profile across
three dimensions: COMET, d-BLEU, and LTCR.
The results indicate that Style-Ruler consistently
encompasses the baselines, achieving the largest
area on the radar chart. Specifically, while GPT-
40 already possesses strong zero-shot capabili-
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Methods

Legal (En—De)

Subtitles (En—Fr)

BLEU COMET CSRarr BLEU COMET CSRapL

Zero-shot 28.40 81.20
CoT 29.20  82.05
RASTA 31.80  83.45
Style-Ruler 33.40  85.12

14.5
28.3
48.6
88.2

30.12
30.80
32.60
34.15

82.50 18.2
82.95 314
84.15 51.2
85.80 91.5

Table 11: Performance across structurally distinct stylistic domains. Style-Ruler consistently maintains high con-
straint adherence regardless of whether the target style requires extreme syntactic complexity (Legal) or informal

brevity (Subtitles).

Zero-shot
En-Zh == ICL (5-shot)
R SFT (LoRA)
Style-Ruler (Ours)

ZR-En
LTCR

Figure 5: Performance comparison on the GuoFeng
dataset using GPT-40 as the backbone. The radar chart
illustrates metrics for translation quality (COMET, d-
BLEU) and constraint adherence (LTCR).

ties, it still benefits significantly from our neuro-
symbolic mechanism. On the En-Zh task, Style-
Ruler improves the LTCR from approximately
75% (ICL) to over 95%. This confirms that even
for state-of-the-art models, internal probabilistic
reasoning is insufficient for strict constraint sat-
isfaction. The externalized verification loop pro-
vided by the Sandbox-Augmented Auditor effec-
tively complements the reasoning power of GPT-
40, unlocking superior performance in specialized
domains without requiring parameter updates.

17195



