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Abstract

Legislative translation demands the precise
preservation of normative intent. However,
Large Language Models (LLMs) frequently
suffer from “Deontic Drift”—a systemic fail-
ure where models prioritize probabilistic flu-
ency over rigid normative mandates. By ana-
lyzing a five-jurisdiction benchmark via Zipf-
Mandelbrot modeling, we characterize this fail-
ure as a structural distributional mismatch: the
high-concentration mandatory monopoly of
source legal terms diverges significantly from
the granular, dispersed probability distributions
of target languages. To bridge this gap, we
propose Legal Semantic Engineering (LSE),
a framework that introduces vertical hierar-
chical control as a robust alternative to hori-
zontal multi-agent collaboration. Through an
Anchoring-Shaping-Polishing (ASP) pipeline,
LSE explicitly decouples normative logic val-
idation from stochastic text generation. Ex-
periments on a trilingual legislative bench-
mark demonstrate that LSE is highly robust
to backbone variations; implementations us-
ing DeepSeek, GPT, and Gemini all signifi-
cantly surpass strong horizontal agent base-
lines. Furthermore, our analysis unveils the
gain-interference-rescue dynamics, quantita-
tively illustrating the necessary trade-offs be-
tween linguistic fluency and legal fidelity.

1 Introduction

While the rapid evolution of Large Language Mod-
els (LLMs) (OpenAl, 2023; Touvron et al., 2023;
Anil et al., 2023; DeepSeek-Al et al., 2025; Yang
et al., 2025) has revolutionized Neural Machine
Translation (NMT) (Sutskever et al., 2014; Cho
et al., 2014; Vaswani et al., 2017; Gu et al., 2019;
Liu et al., 2020; Fan et al., 2021; He et al., 2024,
Wau et al., 2025) with unprecedented linguistic flu-
ency (Kocmi et al., 2024; Zhang et al., 2025a), their
deployment in high-stakes legislative domains re-
mains precarious (Niklaus et al., 2025). Unlike gen-
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Figure 1: The red curve (Prrs) illustrates Deontic
Drift, where models prioritize high-fluency but legally
incorrect tokens (e.g., “should”). The proposed LSE
framework (blue arrow) bridges this Fidelity Gap by re-
calibrating the output to ensure the precise preservation
of legal force.

eral prose, legislative texts are not merely descrip-
tive; they are performative utterances that establish,
modify, or extinguish legal obligations (Austin,
1975; Cao, 2007; Cheng and Sin, 2011). In this
context, the “stochastic” nature of LLMs (Bender
et al., 2021) becomes a liability rather than an asset,
as the primary objective transcends surface-level
smoothness to achieve normative fidelity—the pre-
cise preservation of sovereign power across juris-
dictional boundaries (Godfrey and Burdon, 2024;
Ariai et al., 2025; Graziadei, 2025).

The fundamental challenge stems from a deep
structural asymmetry between source and target
legal systems (Sar&evié, 1997, 2000; Cao, 2007; Al-
Saeed and Abdulwahab, 2023). Chinese legislative
discourse employs a high-concentration “manda-
tory monopoly,” where a single operator “L 24”
(yvingdang) universally signifies strict obligation
(Cheng and Sin, 2011; Gong et al., 2020), which
is predominantly translated into “shall” in the of-



ficial translations. In contrast, the English target
distribution is granularly fragmented into a spec-
trum of modals (e.g., shall, must, should, may),
each carrying distinct deontic weights (Chan, 2011;
Garzone, 2013). This mismatch creates a “Deontic
Ambiguity” trap (Lyu et al., 2024): while “shall”
carries the force of law, the statistically more com-
mon “should” often implies mere recommenda-
tion (Ballesteros-Lintao et al., 2016; Sancheti et al.,
2022).

As illustrated in Figure 1, this misalignment is
not a random error but a systemic consequence of
the Fidelity Gap (Bender et al., 2021; Dobriban,
2025). An LLM’s probability distribution (Prras)
is shaped by general corpora (Bender et al., 2021),
where colloquial couplings (e.g., “should”) domi-
nate. Consequently, the model is statistically gravi-
tated toward “High Fluency but Legally Void” can-
didates (Zhang et al., 2025b). When the peak of
legal validity (V7eg4q) lies in the low-probability
tail of the general distribution, the model remains
“trapped” by its likelihood objective, lacking the
specialized prior to navigate the normative gradi-
ent of the token space (Palmer, 2001; Ballesteros-
Lintao et al., 2016; Wu and Aji, 2023).

Standard mitigation strategies, such as Super-
vised Fine-Tuning (SFT) or Prompt Engineering
(Brown et al., 2020; Ouyang et al., 2022), often
prove insufficient. Since these methods still fun-
damentally optimize for statistical likelihood, they
struggle to override the deep-seated probabilistic
priors ingrained during pre-training (Bender et al.,
2021). To bridge the Fidelity Gap, we require a
mechanism that moves beyond soft guidance to
perform hard normative intervention (Hu et al.,
2019; Xu et al., 2023), effectively shifting the de-
coding objective from “what is probable” to “what
is valid”.

In response, we propose Legal Semantic En-
gineering (LSE), a framework designed to recal-
ibrate the LLM’s output toward normative truth
(Xu et al., 2023; Hu et al., 2025). Unlike standard
decoding strategies, LSE imposes vertical hierar-
chical control. By operationalizing an Anchoring-
Shaping-Polishing (ASP) pipeline, our method acts
as a regulatory mechanism that decouples logic
validation from text generation, ensuring that the
“Mandatory Monopoly” of the source text is struc-
turally projected onto the target (Sarevié, 1997;
SarCevié, 2016; Chalkidis et al., 2020; Meng et al.,
2025).

Our contributions are three-fold:

* Systemic Diagnosis: We provide the first
quantitative characterization of the “Fidelity
Gap” using Zipf-Mandelbrot modeling, empir-
ically substantiating the structural incompati-
bility between the concentrated source norms
and granular target distributions.

* Methodological Framework: We introduce
Legal Semantic Engineering (LSE), a frame-
work that introduces vertical hierarchical
control as a robust alternative to horizon-
tal agentic collaboration, strictly enforcing
immutable constraints via the Anchoring-
Shaping-Polishing (ASP) pipeline.

* Behavioral Insights: We reveal the Gain-
Interference-Rescue (GIR) dynamics, quanti-
fying the non-linear “interference cost” neces-
sary to prioritize legal validity over linguistic
smoothness, offering a new behavioral metric
for evaluating high-stakes generation.

2 Systemic Diagnosis: Quantifying
Structural Asymmetry

To transition from qualitative observation to engi-
neering intervention, we formalize the challenge of
legal transfer as a problem of distributional align-
ment. We posit that the “Deontic Drift” observed in
LLMs is not a stochastic error but a deterministic
failure to reconcile the model’s learned probabil-
ity priors with the rigid normative intensity of the
source legal system.

2.1 Experimental Grounding: The Pentagonal
Benchmark

To decouple linguistic artifacts from jurispruden-
tial structures, we expand our diagnostic scope to a
pentagonal benchmark encompassing five legal ju-
risdictions. This specific constellation was selected
to rigorously isolate the impact of legal lineage
from linguistic typology, with detailed environmen-
tal profiles and typological breakdowns provided in
Appendix C. As illustrated in Figure 2, this design
covers the genealogical evolution of Civil Code:

1. CN (China): The source environment, rep-
resenting a high-intensity legislative style
characterized by rigid unitary operators (a
“Mandatory Monopoly”).

2. DE (Germany) & JP (Japan): Serving as the
“Germanic” control group, these jurisdictions
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Figure 2: Phylogenetic Projection of Legal Norms. (A) Rank-frequency distributions fitted with the Zipf-Mandelbrot
law. The slopes clearly distinguish the steep Chinese Anomaly from the flatter Germanic and Anglophone lineages.
(B) Deontic intensity matrix (bubble area o frequency) confirming the structural bifurcation between the source’s
mandatory monopoly and the target’s distributed modality.

examine whether structural steepness is a fea-
ture of the Civil Law lineage rather than a
language-specific artifact.

PH (Philippines) & QC (Québec): Represent-
ing “Anglophone Civil Law,” these regions
provide the critical target baseline—Civil Law
logic articulated within the English linguistic
topology.

2.2 Formalization: The Power-Law of
Normative Force

We quantify the systemic distribution of legal force
by modeling the rank-frequency profile of deontic
operators. While natural language distributions
are typically characterized by the Zipf-Mandelbrot
law (Mandelbrot, 1961) (f(r) o (r 4+ ~v)~?), our
empirical analysis of the legal lexicon reveals a
strong fit to power-law distributions in the high-
rank deontic domain. Consequently, we employ
the standard form (assuming v — 0) to explicitly
capture the decay rate:

(D

Here, the exponent 3 serves as the structural
signature of the legal system. A high 3 (Steep
Slope) indicates a “Mandatory Monopoly,” where
legislative power is concentrated in a singular lex-
ical operator (e.g., “M 2i”). Conversely, a low 3
(Flat Slope) reflects a “Granular Spectrum,” where
normative force is distributed across a diverse lexi-
cal field.

2.3 Phylogenetic Interpretation

The projection in Figure 2 reveals a striking cor-
relation between mathematical distribution and le-
gal phylogeny. The Germanic Lineage (DE &

JP) exhibits high consistency (6 ~ 2.36), quan-
titatively reflecting the historical reception of the
German Civil Code by Japan. In contrast, the Chi-
nese Anomaly stands as a structural outlier with
the steepest descent (5 ~ 3.34), visually separated
from the flatter Anglophone Spectrum (5 ~ 2.1).
This confirms that Chinese legislation relies on
a single-point reliance mechanism for obligation,
whereas English systems utilize distributed redun-
dancy.

2.4 The Mechanism of Drift: A Probability
Mass Shift

This distributional disparity demonstrates that trans-
lating Chinese law into English is not a bijective
mapping, but a projection from a low-variance dis-
tribution to a high-variance distribution. We argue
that deontic drift is a statistically expected behavior
in probabilistic models.

LLMs, driven by likelihood maximization, tend
to perform probability smoothing. When mapping
the rigid, concentrated source signal (CN, Type-
3.3) into the dispersed target space (EN, Type-2.1),
the model tends to redistribute the sharp probability
mass of the source mandate (the “peak”) into the
flatter “plains” of the target distribution. The result
is a text that is linguistically smooth (high proba-
bility in general corpora) but legally diluted—the
normative intensity of “shall” is lost to the statisti-
cal gravity of high-frequency tokens like “should.”

3 Methodology: Legal Semantic
Engineering via Hierarchical Control

The diagnosis in Section 2 establishes that “De-
ontic Drift” is a deterministic consequence of the
structural entropy mismatch between the source
(Type-3.3) and target (Type-2.1) manifolds. Stan-



dard multi-agent frameworks, such as TransAgents
(Wu et al., 2024b, 2025), rely on horizontal col-
laboration (i.e., peer debate) (Liang et al., 2024).
While effective for creative tasks requiring diverse
feedback, we argue this topology is fundamentally
flawed for legislative transfer due to three systemic
risks:

* Semantic Drift & Averaging Effect: In hor-
izontal negotiation, agents tend to converge
on the “mean” of the probability distribution
(Wu and Aji, 2023). This sacrifices the rigid
“Mandatory Monopoly” of legal terms for sta-
tistically safer, colloquial options (e.g., com-
promising on “should” instead of “shall”), cre-
ating a “High Fluency, Low Fidelity” trap.

Reciprocal Hallucination: Without a fixed
reference, agents sharing similar pre-training
biases (e.g., GPT-4o0 peers) often cross-
validate each other’s errors, reinforcing incor-
rect deontic choices (Zhang et al., 2025b).

¢ Convergence Issues: Iterative debate often
suffers from diminishing returns, consuming
excessive tokens while trapping the system in
local optima far from the professional legal
manifold (Liang et al., 2024).

To resolve these issues, LSE shifts the paradigm
from horizontal democracy to vertical hierarchi-
cal control. As shown in Figure 3, we imple-
ment a strictly unidirectional Anchoring-Shaping-
Polishing (ASP) pipeline, where downstream gen-
eration is mathematically constrained by upstream
normative locks (Hu et al., 2019; Xu et al., 2023).

3.1 Layer 1: Terminology Anchoring
(Conceptual Gain)

The Defense of External Validity. Standard
NMT relies on implicit parametric knowledge,
which is susceptible to catastrophic forgetting or
hallucination (Koehn and Knowles, 2017). How-
ever, legislative translation is distinct: it is strictly
governed by authoritative external constraints (e.g.,
official gazettes, standardized term bases) (Sarte-
vi¢, 1997; Cao, 2007). LSE explicitly integrates
these resources not as auxiliary prompts, but as
non-negotiable boundary conditions.

¢ Deterministic Extraction & Mapping: The
system first identifies legal entities (F) in the
source text X. Instead of probabilistic sam-
pling, we enforce a discrete mapping function

f:E — T,er, where T,..; is a verified termi-
nology set.

* Lexical Lock: The mapped terms are frozen
as immutable constants. Unlike “soft con-
straints” in prompt engineering which the
model may override for fluency, these anchors
define a reduced search space S’ C S, prevent-
ing the model from exploring synonymous but
legally invalid alternatives, e.g., forbidding
“unforeseeable events” when “force majeure”
is required (Meng et al., 2025). This ensures
that the Conceptual Gain is secured before
any syntactic generation begins.

3.2 Layer 2: Syntactic Shaping (Normative
Interference)

Once terminology is anchored, the next challenge
is preserving the deontic intensity. General LLMs,
driven by likelihood maximization (Pry ), nat-
urally drift towards high-frequency modals, e.g.,
“should” (Bender et al., 2021).

* Deontic Protocol Injection: We intervene in
the decoding process by imposing a deontic
protocol. For instance, a source operator like
“RZ 4 (strict obligation) is forcibly mapped
to the target token ‘“‘shall”, explicitly prun-
ing high-probability candidates like “must” or
“should” from the candidate pool (Cheng and
Sin, 2011; Gong et al., 2020). This mecha-
nism operates analogously to the hypothesis
pruning in phrase-based SMT (Koehn, 2010),
where low-fidelity paths are discarded regard-
less of their language model probability.

Structural Rigidity: This layer generates
a “syntactic skeleton”—a sentence structure
built exclusively to support the L1 anchors
and L2 deontic modals.

* Normative Interference: We acknowledge
that this rigorous constraint satisfaction in-
troduces a “fluency penalty”, creating a text
that is logically sound but linguistically stiff.
We define this temporary drop in smoothness
not as an error, but as the necessary energy
cost (Interference) required to override the
model’s colloquial priors (Hu et al., 2019).

3.3 Layer 3: Discourse Polishing (Manifold
Alignment)

The final stage resolves the tension between legal
rigidity and linguistic readability.
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to prevent legal mandate dilution.

* Constrained Smoothing: The L3 agent
receives the syntactic skeleton from Layer
2. Its optimization objective is to maxi-
mize Pfruency(Y | Xsketeton) subject to the
constraint that X gejeron, remains topologi-
cally invariant.

* Manifold Alignment: The agent is permitted
to adjust surface-level features (connectives,
prepositions, word order) to align the text with
the target language’s professional norms, but
is digitally forbidden from altering the lexical
locks (LL1) or deontic modals (L2). This Res-
cue phase ensures the final output achieves
high metrics in both fidelity and fluency, ef-
fectively bridging the Fidelity Gap (Garzone,
2013; Biel et al., 2019; Reheman et al., 2025).

3.4 Implementation: Decoupled Optimization
via Cascading Agents

To execute the LSE framework, we deploy an LLM-
based Multi-Agent System (MAS) structured as a
cascading refinement architecture. This design acts
as a structural corrective to the lack of hierarchi-
cal governance prevalent in traditional multi-agent
systems (as diagnosed in Figure 3).

¢ Vertical Topology vs. Horizontal Debate:
Standard frameworks like TransAgents rely
on horizontal peer debate, which often leads
to Convergence Issues and Reciprocal Hal-
lucination where agents cross-validate errors
(Wu et al., 2024c; Zhang et al., 2025a). In

contrast, our system operates on a strictly ver-
tical axis. By enforcing a unidirectional flow
(L1 — L2 — L3), we eliminate the risk of
circular consensus loops, ensuring that genera-
tion is an additive process of refinement rather
than a destructive process of negotiation.

* Decoupled Optimization of State Spaces:

We structurally decouple the optimization ob-
jectives to prevent “Contextual Dilution”, as-
signing orthogonal goals to each layer:

— L1 (Accuracy Space): Optimizes for
Exact Match of entities against external
authoritative TermBases, minimizing Se-
mantic Drift.

— L2 (Logic Space): Optimizes for Con-
straint Satisfaction of deontic rules, pri-
oritizing validity over probability.

— L3 (Fluency Space): Optimizes for Per-
plexity Reduction (Linguistic Smooth-
ness), but strictly bounded by the con-
straints inherited from L1 and L2.

* Injection via Immutable Prompts: Verti-

cal control is legally enforced through prompt
injection. The output O;_; of the upstream
agent is not treated as “context” but as an im-
mutable ground truth injected into the down-
stream agent’s system prompt. For instance,
the L3 agent is explicitly instructed: “Opti-
mize the fluency of the text, but you are digi-
tally forbidden from altering the modal verbs
locked by the previous layer.” This method-



| System / Model ‘

Chinese — English (Zh-En)

Chinese — Japanese (Zh-Ja)

Category
\ | BLEUT BERTScore} COMETT GEMBA{ | BLEUT BERTScoref COMET} GEMBA?
Commercial NMIT | ALIBABA/BAIDU | 32.88 93.25 82.97 | 46.79 91.04 91.50
QWEN3-8B 29.91 94.73 84.16 94.71 45.74 90.64 90.75 92.15
General LLMs DEEPSEEK-V3 30.34 94.81 84.86 94.73 45.63 91.21 91.52 91.60
GPT-40 31.68 93.72 84.57 94.13 44.04 91.20 92.60 91.40
GEMINI-2.5-PRO | 36.79 95.58 85.88 94.36 49.38 91.36 92.65 91.14
Multi-Agent | TRANSAGENTS | 30.72 93.09 83.23 94.10 | 4495 94.58 91.65 91.25
QWEN3-8B 35.08* 94.99* 84.16 94.84" | 48.30¢ 91.90* 92.85* 91.35
DEEPSEEK-V3 35.14% 95.09¢ 84.84 94.807 | 47.11* 92.15% 92.75% 91.85*
LSE (ours) GPT-40 37.38 95.93 86.06°  94.35' | 48.88 92,20 9293t 9170
GEMINI-2.5-PRO | 39.29% 96.51* 86.85" 94.50* | 52.12¢ 92.55% 92.95* 91.25"

Table 1: Main results on the legislative translation benchmark. LSE consistently achieves SOTA performance across
backbones. Boldface indicates LSE outperforms the respective backbone baseline. Statistical significance markers
indicate improvements over the respective general LLM baselines: I for p < 0.001 and 1 for p < 0.05. Note on
GEMBA: While LSE drives massive gains in fidelity (BLEU/COMET), GEMBA scores remain stable, reflecting
the trade-off between rigid normative validity and generic probabilistic smoothness.

ology effectively transforms the “stochastic
parrots” (Bender et al., 2021) into verifiable
legal engineers.

4 Experimental Setup

To validate the efficacy of the LSE framework, we
conduct a comprehensive evaluation addressing
three core research questions:

* RQ1 (Effectiveness): Can LSE effectively
mitigate Deontic Drift and outperform SOTA
baselines (including horizontal multi-agent
systems) in high-stakes legislative translation?

* RQ2 (Mechanism): Does the ‘“Gain-
Interference-Rescue” (GIR) dynamic empir-
ically emerge as hypothesized? Specifically,
is the Interference Cost (a temporary drop
in fluency) a necessary trade-off for ensuring
normative validity?

* RQ3 (Human Alignment): Can vertical con-
trol resolve the Fidelity-Fluency Inversion typ-
ically observed in probabilistic LLMs, where
high readability often masks legal inaccuracy?

Dataset. We utilize a TRILINGUAL LEGISLA-
TIVE BENCHMARK, a curated collection of 35 Chi-
nese official statutes aligned with official English
translations and expert-verified Japanese transla-
tions. To ensure cross-domain robustness, the cor-
pus covers three distinct categories: Core Codes
(e.g., Civil, Penal), Administrative Regulations
(e.g., Environmental, Education), and Specialized
Commercial Laws (e.g., Intellectual Property, Mar-
itime). We implement a strict split: 30 statutes

are utilized for TermBase/Translation Memory con-
struction (extracting external constraints for Layer
1 and Layer 3), while the remaining 5 statutes are
reserved exclusively for testing (see Appendix A).

Baselines. We compare LSE against three dis-
tinct approaches: (1) Commercial NMT: SOTA
systems from Google, Microsoft, Alibaba, and
Baidu. (2) General LLMs: GPT-40 (OpenAl,
2023), GEMINI-2.5-PRO (Anil et al., 2023), and
DEEPSEEK-V3 (DeepSeek-Al et al., 2025) oper-
ating in a standard zero-shot setting. (3) Hori-
zontal Multi-Agent: TRANSAGENTS (Wu et al.,
2024c), representing the SOTA peer-debate frame-
work without hierarchical constraints.

Metrics. Beyond standard automatic metrics in-
cluding BLEU (Papineni et al., 2002), BERTScore
(Zhang et al., 2019), COMET (Rei et al., 2020),
and GEMBA (Kocmi and Federmann, 2023). We
also employ expert human evaluation, which is con-
ducted on a 1-5 Likert scale assessing two distinct
dimensions: Normative Fidelity and Fluency (refer
to Appendix G for scoring guidelines).

5 Main Results and Analysis

5.1 Vertical Control vs. Horizontal
Collaboration

As shown in Table 1, LSE consistently outperforms
baselines across all metrics.

Superiority over Horizontal Agents. The most
critical comparison reveals that LSE significantly
outperforms the horizontal TRANSAGENTS base-
line. On the Zh-En task, our best configura-
tion (Gemini-backed, see Table 1) achieves 39.29
BLEU, surpassing TRANSAGENTS (30.72) by a



| Chinese — English | Chinese — Japanese
Configuration \ Automated Metrics Human Evaluation (1-5) \ Automated Metrics Human Evaluation (1-5)

\ BLEU COMET Fidelity Fluency Total Avg \ BLEU COMET Fidelity Fluency Total Avg
Baseline 31.68 84.57 3.53i0,93 3~76i1.26 3.61i0_75 44.03 92.60 4.16i0_45 4~26i0.56 4‘19i0_35
+ Anchoring (L1) | 35.52 84.76 3.68+0.80 3.81+1.17 3.7210.71 | 47.10 92.80 4.4540.41 4.58+0.50 4.49+0.32
+ Shdpll’lg (LZ) 35.78 84.79 3.61j:0.88 3.73j:1.12 3-65i0,69 47.51 92.76 4.3710_43 4.61i0,53 4.453:0,34
+Full LSE (L3) | 37.38'  86.06! 3.87° . 3.91% , 3.88.,.,|48.88% 9293% 452. , 472, ., 459, .,

Table 2: Ablation results (GPT-40 backbone). While automated metrics show linear growth, human evaluation
reveals the GIR Dynamics. The Syntactic Shaping layer (L2) induces a distinct interference cost, a drop in Fidelity
and Fluency (underlined) due to normative rigidity, which is rescued by Layer 3.

decisive margin of +8.57 points. Qualitative anal-
ysis suggests that while horizontal agents suffer
from reciprocal hallucination (compromising on
safe but legally weak terms), LSE’s vertical locks
successfully enforce the mandatory monopoly of
the source text.

Cross-Model Robustness. LSE demonstrates
remarkable robustness. Implementations across
different backbones (QWEN-8B,DEEPSEEK-V 3,
GPT-40, GEMINI-2.5-PRO) all show significant
gains over their respective zero-shot baselines, with
improvements ranging from +2.5 to +5.1 BLEU.
This confirms that the performance boost stems
from the ASP architecture rather than the paramet-
ric knowledge of any single model.

Statistical Significance. Paired t-tests confirm
that the performance gains are robust. The full LSE
framework achieves extremely strong significance
on precision-based metrics like BLEU and CHRF
across all tested backbones. Notably, even for met-
rics with marginal numerical gains like GEMBA,
LSE demonstrates statistically significant improve-
ments , proving the reliability of our hierarchical
control in correcting subtle deontic errors that are
often overlooked by general-purpose evaluators.

5.2 The Dynamics of Control: Analyzing GIR
Effects

To understand the cost of rigidity, we track layer-
wise performance evolution using the ablation
study (Table 2) and a micro-case study (Table 3).

Phase 1: Conceptual Gain (+Anchoring). In-
jecting Terminology (L.1) yields an immediate gain,
boosting BLEU from 31.68 to 35.52 (Zh-En). This
confirms that lexical precision is the foundation of
legal fidelity.

Phase 2: Normative Interference (+Shaping).

Crucially, when adding the Syntactic Layer (L2),
we observe the interference cost. While automated

metrics remain relatively static (35.52 — 35.78),
human evaluation reveals the hidden cost of rigid-
ity: both Fidelity and Fluency scores drop (e.g.,
Fluency falls from 3.81 — 3.73). This empirical
dip validates our hypothesis: to enforce strict de-
ontic modals, the system must actively disrupt the
LLM’s probability manifold, resulting in valid but
linguistically stiff structures.

Phase 3: Discourse Rescue (Full ASP). Finally,
the Discourse Polishing (L3) layer leverages Trans-
lation Memory to harmonize the text. This restores
fluency (rising to 3.91) and fidelity (peaking at
3.87), creating the distinctive v~ trajectory. This
proves that L.3 successfully reconciles the structural
rigidity of L2 with linguistic naturalness.

Stage | Output Fragment | State Analysis

Baseline ‘ strengthen innovative spirit... ‘ X Drift: Wrong Term

Layer 1 | ...strengthen innovation spirit... v/ Gain: Term Fixed
Layer 2 | ...are required to strengthen...
Layer 3 | shall strengthen... v/Rescue: Canonical Form

Table 3: Micro-case study. Layer 2 introduces nec-
essary “interference” (validity over fluency), which is
subsequently rescued by Layer 3.

5.3 Resolving the Fidelity-Fluency Inversion

Baseline LLMs exhibit a dangerous misalignment,
acting as “stochastic parrots” (Bender et al., 2021)
that prioritize readability (Fluency ~ 3.76) over
legal equivalence (Fidelity ~ 3.53). This phe-
nomenon confirms the Fidelity-Fluency Inversion
hypothesis, where stylistic smoothness often masks
normative errors (Zhang et al., 2025a). LSE
successfully bridges this fidelity gap by elevat-
ing fidelity from the mediocre range to the high-
precision tier (3.87-4.52). Crucially, this gain does
not compromise readability. While the Syntactic
Layer (L2) introduces necessary rigidity (the Inter-
ference Cost), the RAG-enhanced Discourse Layer
(L3) restores fluency, ensuring the output is both
legally binding and linguistically professional.



6 Related Work
6.1 MT in High-Stakes Legal Domains

Traditional neural machine translation (NMT) has
long struggled with domain-specific terminologi-
cal consistency (Chalkidis et al., 2020; Geng et al.,
2021; Niklaus et al., 2025). The advent of LLMs
has shifted the challenge from lexical coverage to
normative fidelity. As noted in recent evaluations
of the “LLM Era,” while models achieve human-
parity in fluency, they frequently suffer from a
fidelity-fluency inversion in specialized domains
(Kocmi et al., 2024; Zhang et al., 2025a). In high-
stakes legislative translation, stylistic smoothness
often masks systemic erosions of legal validity
(Ariai et al., 2025). This phenomenon is deeply
rooted in the functional equivalence requirements
of legal discourse (§aréevié, 1997; Cao, 2007). Un-
like general prose, legislative translation demands
the precise preservation of legal force across dis-
tinct jurisprudential frameworks (Palmer, 2001;
Halliday, 1994). Recent studies on Chinese and
Japanese legislative corpora highlight that proba-
bilistic sampling often leads to deontic drift, where
the mandatory intent of the sovereign is diluted by
the model’s preference for colloquial modals (e.g.,
should vs. shall) (Chan, 2011; Ballesteros-Lintao
et al., 2016). Our work leverages Zipf-Model to
quantitatively characterize this structural asymme-
try (Section 2), providing a formal grounding for
the necessity of intervention.

6.2 Constrained Generation and Agentic
Control

While modern LLMs prioritize likelihood maxi-
mization, our approach revisits the rigid search
space control foundational to Statistical Machine
Translation (SMT) (Koehn, 2010). Previous work
in lexically constrained decoding attempted to en-
force terminology via grid beam search or soft
masking (Hu et al., 2019; Gu et al., 2018). LSE
extends this lineage by elevating constraints from
the lexical level to the structural and discursive lev-
els, effectively re-implementing the distinct feature
functions of log-linear models (Koehn et al., 2003)
as explicit agentic layers. Multi-Agent Systems
(MAS) have demonstrated superiority in complex
reasoning through role specialization (Yao et al.,
2023; Lietal., 2023). However, existing translation
agents typically adopt a horizontal organization
(e.g., peer debate or iterative refinement) (Wu et al.,
2024c, 2025). While effective for creative refine-

ment, we argue that horizontal consensus lacks a
definitive ground truth mechanism for normative
tasks, potentially leading to “hallucinated consen-
sus” (Zhang et al., 2025b). Our LSE framework
addresses this by introducing a vertical control
hierarchy. Building on multi-granularity control
concepts (Lyu et al., 2024), LSE ensures that statis-
tical outputs are filtered through deterministic legal
locks (Wu et al., 2024a), functionally operational-
izing legislative intent as a computable constraint
rather than a negotiated outcome.

6.3 Behavioral Interpretability in Generation

Explainability is foundational to the responsible
deployment of NLP in law (Ariai et al., 2025). Un-
like conventional interpretability research that fo-
cuses on internal neuron probing (Belinkov, 2022),
our study adopts a behavioral interpretability
perspective. We introduce the Gain-Interference-
Rescue (GIR) dynamics to quantify the trade-off be-
tween symbolic constraints and probabilistic sam-
pling. This non-linear trajectory offers a tangible
metric for assessing model reliability (Dobriban,
2025). This distinction is crucial to counter the epis-
temic narratives surrounding Al (Chamoun et al.,
2025). As cautioned by the “stochastic parrots”
critique (Bender et al., 2021), perceived reasoning
is often a statistical illusion. By visualizing the
Interference Cost required to correct deontic drift,
LSE provides empirical evidence that high-fidelity
legal generation requires active deviation from the
model’s natural probability manifold, shifting from
black-box reliance to verifiable engineering.

7 Conclusion

We address the challenge of legislative translation
by formalizing the “Fidelity Gap” through Zipf-
Mandelbrot modeling. To mitigate the observed
“Deontic Drift”, we propose Legal Semantic Engi-
neering (LSE), replacing the prevailing horizontal
agent debate with strict vertical hierarchical con-
trol. Through the Anchoring-Shaping-Polishing
pipeline, we demonstrate that deterministic logic
can be successfully injected into stochastic genera-
tion. The observed GIR dynamics confirm that the
pursuit of fidelity imposes a measurable cognitive
load on the model, which must be structurally man-
aged. Ultimately, this work bridges the structural
wisdom of classical alignment with the generative
power of modern LLMs, ensuring that the “Safety”
we seek is grounded in mathematical rigor.



8 Limitations

While LSE establishes a new benchmark for fidelity
in legislative translation, we acknowledge certain
limitations in its current instantiation, which we
frame as opportunities for future development.

Inference Latency vs. Verification Necessity.
The hierarchical nature of the ASP pipeline (three
sequential rounds) inevitably incurs higher infer-
ence latency (approx. 3.5x) compared to single-
pass generation. However, we argue that in leg-
islative translation, precision is non-negotiable,
whereas real-time speed is secondary. The high
societal cost of mistranslation justifies this compu-
tational overhead.

Dependence on External Knowledge Modules.
Critics might view our reliance on TermBases and
Rule Tables as a regression to manual engineer-
ing. However, we clarify that these resources are
automatically constructed via unsupervised ex-
traction algorithms. Due to space constraints, the
full details of these extensive data mining pipelines
are not exhaustively presented here. Crucially, this
decoupled design is intentional: it serves as the
foundational architecture for our developing DEEP-
TRANSSU  This human-interactive workbench
extends the fully automated LSE pipeline into a
“human-in-the-loop” system, allowing professional
translators to intervene in the three control layers,
thereby combining automated rigor with human
professional agency.

The “Stiffness” of Constrained Output. The
Syntactic Shaping layer (L2) can occasionally pro-
duce text that feels structurally rigid (the “Cost of
Rigidity”). While the Discourse Polishing layer
(L3) mitigates this, there remains a delicate trade-
off between strict normative isomorphism and
target-language naturalness. Future iterations will
employ Direct Preference Optimization (DPO) to
better harmonize these objectives without relaxing
legal constraints.

9 Ethical Considerations

The deployment of LSE in legislative translation
introduces critical ethical responsibilities. We ad-
dress these through three primary lenses:

Deontic Bias and Rights. As identified in our
study, LLMs prone to “Deontic Drift” may inadver-
tently dilute strict legal obligations (e.g., Chinese

yingdang) into softer recommendations (e.g., En-
glish should). In legal contexts, such stylistic shifts
are not merely linguistic errors but ethical risks, as
they may lead to the misinterpretation of manda-
tory rights and duties, potentially disadvantaging
underrepresented groups who rely on the precise
enforcement of statutory protections.

Accountability and the Non-Substitution Prin-
ciple. LSE is designed as a human-in-the-loop
assistant for professional jurisconsults and legisla-
tive drafters. We explicitly emphasize that Al-
generated translations, regardless of their fidelity
scores, cannot claim legal authority or sovereign
force. The responsibility for the final text must
reside with qualified human legal experts. We ad-
vocate for a regulatory framework where the de-
veloper ensures transparency of the “Legal Locks,”
while the legal practitioner remains the ultimate
arbiter of legal intent.

Algorithmic Transparency vs. Data Bias.
While LSE implements vertical control to mitigate
the “stochastic parrot” effect, the underlying mod-
els are trained on general-scale data and may inherit
historical biases present in legal corpora. To pro-
mote equitable legal Al, we advocate for periodic
bias audits of the TermBase (Layer 1) and the RAG-
enhanced Discourse Layer (L3) to ensure that LSE
does not propagate archaic or discriminatory legal
terminology from colonial-era or outdated jurispru-
dential records.
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A Datasheet for Datasets

A.1 Motivation

Purpose To rigorously evaluate LLMs in high-
stakes legislative translation, specifically ad-
dressing “Deontic Drift,” and to diagnose
structural asymmetries across legal systems.

Creation Curated by the authors. Unlike static
web crawls, this benchmark involves manual
synchronization with legislative amendments
effective as of late 2025.

B Dataset Composition and Diversity

To avoid redundancy while addressing concerns
regarding domain generalization, we provide a cat-
egorical breakdown of the TRILINGUAL LEGISLA-
TIVE BENCHMARK used in this study.

As shown in Figure 4, the corpus is not limited to
the Civil Code but maintains a balanced distribution
across four major legal domains:

¢ Fundamental (14.3%): The “Constitutional
Core” ensuring basic rights.

e Commercial & IP (34.3%): High-variance
domains testing the model’s handling of con-
ditional rights (e.g., Patent Law).

¢ Administrative (34.3%): Procedural laws
focusing on compliance (e.g., Data Security
Law).

¢ Social & Labor (17.1%): Protective statutes
focusing on obligations.

This structural diversity ensures that the reported
statistical significance (p < 0.001) reflects robust
generalization rather than domain overfitting.

B.1 Collection and Quality Control

Sources (1) Zh-En: Official government legisla-
tive databases, manually updated to reflect
2025 amendments. (2) Zh-Ja: Primary
sources include the Japan External Trade Or-
ganization (JETRO), recognized for authorita-
tive legal translation.

Curation Process We implemented a “Human-in-
the-Loop” pipeline. Bilingual legal experts
performed secondary verification to correct
version lags (synchronizing old translations
with new amendments) and unify terminolog-
ical standards across the 35 statutes.
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Preprocessing Texts underwent sentence-level
alignment via heuristic matching followed by
manual correction. Metadata and formatting
artifacts were removed.

B.2 Distribution and License

IP Rights The underlying statutory texts are
sourced from Public Domain or Open Gov-
ernment portals'. For the Chinese-Japanese
portion, while initial references include third-
party translations (e.g., JETRO?), the dataset
provided herein consists of expert-verified sec-
ondary rectifications and original sentence-
level alignments. These annotation layers,
which correct deontic drift and unify termi-
nological standards, constitute the authors’ in-
tellectual property and are released for aca-
demic research under a Fair Use doctrine for
linguistic analysis.

Disclaimer This dataset is for computational re-
search only and should not serve as a substi-
tute for official legal counsel.

License CC-BY-NC
NonCommercial).

4.0 (Attribution-

URL will be released upon acceptance.

C Legal and Linguistic Context of Target
Regions

In this section, we provide a granular breakdown of
the specific legal frameworks and linguistic typolo-
gies characterizing the five studied jurisdictions.
These factors serve as the environmental variables
in our analysis of the “Source Anomaly” (China)
and the “Germanic Lineage” (Germany, Japan).

Table 6 outlines the macroscopic features of each
legal system, while Table 4 provides the quantita-
tive Zipf-Mandelbrot parameters derived from our
corpus analysis.

D Computational Cost Analysis

To assess the economic viability of the LSE frame-
work, we recorded the total token consumption and
API costs for reproducing the full experimental
suite (including the 500-sample test set and abla-
tion studies).

As shown in Table 5, the choice of backbone
model significantly impacts deployment feasibility.

1http: //www.npc.gov.cn
Zhttps://www.jetro.go. jp/world/asia/cn/ip/law/


http://www.npc.gov.cn
https://www.jetro.go.jp/world/asia/cn/ip/law/
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Figure 4: Benchmark Diversity Analysis. While Fundamental Codes (e.g., Civil Code) constitute the volume-
heavy core (Right), the dataset explicitly incorporates a high number of Commercial and Administrative statutes
(Left) to ensure the LSE framework generalizes across diverse normative registers.

Phylogenetic Cluster Jur. « (Scale) 3 (Slope) R? (Fit)

Backbone Model ‘ Cost ‘ Tokens ‘ Efficiency

Source Anomaly (High-Mandate) GEMINI-2.5-PRO | $55.80 | 5.69 M | High Perf. / High Cost
China 2835.89 3341 0.939 GPT-40 $25.41| 9.37M Balanced

Germanic Lineage (Precision Civil L(ZW) DEEPSEEK-V3 $11.80 24.92 M High Efﬁciency
Germany 218552 2350  0.932 QWEN3-8B $423|21.11M Low Cost
Japan 1301.39 2.376 0.941

Anciophone T T Table 5: Computational Cost and Token Consump-

n%?f;bzge arget (Base mes)2 63049 2167 0.971 Zi\f);llula’l:'i(())frille.i Ce?irrrlleparison of total expenses for the full

Philippines 316829 2057  0.940 pipeline.

Table 4: Zipf-Mandelbrot parameters (f = a/r")
across the pentagonal benchmark. The data reveals strict
alignment within the Germanic lineage (A5 < 0.03)
and a massive structural gap between the Source (CN)
and Target (QC/PH) manifolds.

While critics argue that multi-agent hierarchies in-
crease costs, our deployment with DEEPSEEK-V 3
processed nearly 2.6 x more tokens than GPT-40
while costing less than half the price.

E Qualitative Analysis of Translation
Divergence

To complement the quantitative metrics, we present
specific examples of terminological and syntactic
divergence. These examples illustrate the “Deontic
Drift” where legal force is altered during translation
(Table 7), and the lexical inconsistencies encoun-
tered in key legal concepts (Table 8).

Figure 5 further visualizes the deontic modality
distribution mentioned in the main text, highlight-
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ing the divergence in how “obligation” is encoded
across different legal traditions.

F Implementation and Visualization

To operationalize the LSE framework and facili-
tate reproducibility, we implemented the system as
a modular Python-based library with a decoupled
visualization frontend. The source code is avail-
able at https://anonymous.4open.science/r/
deeptrans-studio-EFES6.

Motivation for DeepTrans Studio: Breaking the
Walled Garden. Current commercial Computer-
Assisted Translation (CAT) tools (e.g., SDL Tra-
dos, MemoQ) operate as closed-source walled gar-
dens. They typically rely on rigid translation mem-
ory (TM) algorithms and offer limited extensibility
for integrating modern Large Language Models
(LLMs). Furthermore, their high licensing costs
create significant barriers for academic research.
To democratize access to high-stakes translation
technology, we developed DeepTrans Studio, an


https://anonymous.4open.science/r/deeptrans-studio-EFE6
https://anonymous.4open.science/r/deeptrans-studio-EFE6
https://anonymous.4open.science/r/deeptrans-studio-EFE6
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Figure 5: Comparative analysis of deontic modality profiles. (A) Normalized Usage: Frequency of modal verbs
per 10,000 words (log scale). (B) Modality Profile: Row-normalized heatmap showing the proportional share of
each modal verb. The analysis highlights the structural divergence between shall-centric traditions (e.g., China) and
may-centric traditions (e.g., Germany).

Region Legal System Linguistic Typology Impact on Corpus & Translation
China Civil Law (Social- Isolating (Sino- High semantic density with rigid statutory terminology.
ist) Tibetan) Lack of inflection results in a steeper word frequency
drop-off (High ).
Japan Civil Law (German-  Agglutinative (Japonic) = High-context legal culture. Complex scripts (Kanji,
influenced) Kana) and honorifics create a moderate vocabulary
curve.
Germany Civil Law (BGB - Fusional (Indo- Extreme precision and nominal compounding (e.g.,
Codified) European) Rechtsschutz...) generate a heavy “long tail” of low-
frequency terms.
Philippines Mixed System Agglutinative  (Aus- Bilingual environment (English/Filipino) with code-
tronesian) switching leads to a vast array of unique tokens (Low
B).
Québec Bijuralism Fusional (Indo-  Strict linguistic protectionism results in a highly stan-
European) dardized lexicon and the most stable statistical fit (R? ~
0.97).

Table 6: Comparative Matrix of Legal Systems and Linguistic Typologies. This table summarizes the diverse
environmental constraints acting on the translation models.
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Jur. Source Art. Legal Text (Excerpt)

Deontic Marker

Case 1: Principle of Good Faith

CN  Art. 7 “... a person of the civil law shall, in compliance with...”  shall (Imperative)

QC Art. 6 “Every person is bound to exercise his civil rights...” is bound to (Obligational)

DE  Sec. 242 “An obligor has a duty to perform according to...” has a duty to (Descriptive)
Case 2: Age of Majority

CN Art. 17 “A natural person aged 18 or above is an adult.” is (Static Definition)

QC Art. 153 “Full age or the age of majority is 18 years.” is (Static Definition)

DE  Sec.2 “Majority begins at the age of eighteen.” begins (Temporal Process)

Table 7: Qualitative Analysis of Deontic Drift. Comparison of modal markers in semantically equivalent provisions.
Note how Germany’s temporal framing (begins) contrasts with static definitions (is) in China and Québec.

Concept Jur. Term Employed (English) Context Match

CN  Capacity for enjoying civil-law rights  Functional description vs. abstract concept.
Legal Capacity DE  Legal capacity Direct equivalent.

QC  Juridical personality distinct Civil Law abstraction.

CN  Force majeure Standard international term.
Force Majeure @DE  Force majeure Standard international term.

QC  Superior force Linguistic protectionism (Calque).

Table 8: Terminological Divergence. Key legal concepts exhibit distinct lexical realizations in official English

translations, driven by local statutory requirements.

open-source, human-in-the-loop workbench. Un-
like traditional CAT tools, DeepTrans Studio is
fully programmable, allowing researchers to visu-
alize and intervene in the multi-agent decision pro-
cess (as shown in Figure 6), effectively transform-
ing the translator from a text editor to a “semantic
engineer.”

System Architecture: Engine vs. Interface The
architecture consists of two distinct components to
balance scientific rigor with practical usability:

* LSE-Core (The Engine): A fully automated,
headless Python multi-agent system. This
module executes the cascading Anchoring-
Shaping-Polishing pipeline in batch mode.
Crucially, all experimental results reported in
Section 5 (Table 1 & 3) were generated using
this engine without any human intervention.

DeepTrans Studio (The Workbench): A
web-based visualization frontend that wraps
the LSE-Core. It provides a “Human-in-the-
Loop” interface for legal experts to inspect
intermediate agent outputs.

Operational Modes Based on this decoupled ar-
chitecture, the system supports dual-mode opera-
tion:
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1. Automated Batch Mode (Experimental):
Utilized for large-scale evaluation. The
Python engine processes the test set au-
tonomously, ensuring fair comparison with
baselines.

Interactive Mode (Curation): Utilized for
the dataset construction described in Ap-
pendix B. This mode allows experts to in-
tervene in the decision process, ensuring the
ground truth data achieves the highest legal
standard.

G Human Evaluation Metrics

To ensure rigorous manual assessment, we em-
ployed legal experts to evaluate translations based
on two critical dimensions: Fidelity and Fluency.
Specifically, the Fidelity metric rigorously assesses
both terminological precision and deontic equiva-
lence (legal force). Meanwhile, the Fluency met-
ric evaluates the linguistic register and discourse
smoothness. The detailed scoring guidelines pro-
vided to the annotators are presented in Table 9.
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Figure 6: Interface of DeepTrans Studio (Interactive Mode). This visualization exposes the internal reasoning of
the automated LSE engine. The workflow maps the theoretical layers to the workbench stages: (A) MT Workflow
(= Layer 1 Anchoring): Displays immutable legal entities (e.g., “Education Administrative Department”) locked
against the external terminology base. (B) QA Workflow (=~ Layer 2 Shaping): Visualizes the enforcement of
the Deontic Protocol, where the system autonomously rejects probability-based errors (e.g., “should”) in favor of
normative validity (“shall”). (C) PE Workflow (=~ Layer 3 Polishing): Shows the final discourse smoothing. It
is worth noting that the entire system was implemented by a single developer in three months. Note: While this
interface supports manual intervention, the main experimental results were generated using the underlying Python
engine in fully automated mode.

Dimension ‘ Score ‘ Criteria
5 Perfect: Precise legal terminology (e.g., “Force Majeure™). Strict deontic force maintained (e.g.,
rigid distinction of shall/may). 1dentical normative intent.
4 High Quality: Core terms and legal concepts are accurate. Deontic force is generally consistent,
though minor stylistic variations exist. No ambiguity in rights/obligations.
1. Fidelity 3 Passable: Informational meaning is preserved, but lacks professional rigidity. May use weaker
Core: Accuracy & modals (e.g., “should” instead of “shall”) or generic vocabulary.
Legal Force 2 Poor: Contains terminological errors or “Deontic Drift” (e.g., confusing obligation with permis-
sion). Legal validity is compromised.
1 Unusable: Critical mistranslations of key entities. Normative intent is distorted or reversed.
5 Native: Natural, authoritative legislative style. Grammatically perfect with sophisticated sen-
tence structures.
4 Fluent: Smooth and grammatical. Reads like a professional translation, though isolated phras-
2. Fluency ings may be slightly stiff.
Core: Register & 3 Readable: Understandable but exhibits obvious “translationese”. Sentence structures are loose
Grammar or repetitive.
2 Awkward: Frequent grammatical errors or awkward phrasing that hinders reading flow. Chaotic
structure.
1 Unreadable: Disjointed, unintelligible, or nonsensical output.

Table 9: Human Evaluation Guidelines. The scoring scale (1-5) covers the two critical dimensions of legislative
translation: Fidelity (assessing both terminological anchoring and normative equivalence) and Fluency (assessing
linguistic register).
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