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Abstract

Contract compliance verification requires rea-
soning about cross-clause dependencies where
obligations, exceptions, and conditions inter-
act across multiple provisions, yet existing le-
gal NLP benchmarks like ContractNLI and
CUAD focus exclusively on isolated single-
clause tasks. We introduce COMPACT (COM-
pliance PAralegals via Clause graph reason-
ing over conTracts), a framework that mod-
els cross-clause dependencies through struc-
tured clause graphs. Our approach extracts
deontic-temporal entities from clauses and con-
structs typed relationship graphs capturing def-
initional dependencies, exception hierarchies,
and temporal sequences. From these graphs,
we introduce ACE (Assessing Compliance in
Enterprise)— a benchmark containing 4,700
carefully constructed compliance scenarios de-
rived from 633 real-world contracts covering
26 types of agreements. Each scenario requires
multi-hop reasoning across multiple clauses,
and undergoes independent LLM-based valida-
tion to ensure quality. Evaluation reveals that
multi-clause reasoning poses a fundamental
challenge for state-of-the-art models (34-57%
base accuracy), while training on ACE yields
substantial improvements on compliance tasks
(+22-43 % points) and also enhances general
legal reasoning performance on other bench-
marks (PrivaCI-Bench, ContractNLI).

1 Introduction

Legal compliance is a critical requirement across
industries such as finance, healthcare, technology,
and manufacturing. Non-compliance can result in
costly disputes, regulatory penalties, and reputa-
tional damage (Susskind and Susskind, 2017). To
mitigate these risks, enterprises rely on lawyers
who manually review contracts clause-by-clause
to identify obligations, exceptions, and potential
conflicts. However, this process is slow, expensive,
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and error-prone, particularly as modern contracts
often span hundreds of pages and exhibit intricate
cross-references and dependencies (Surden, 2018).

Recent advances in legal natural language pro-
cessing (NLP) have produced specialized datasets
for clause-level tasks. ContractNLI (Koreeda and
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Manning, 2021) formulates compliance queries as
entailment problems over individual clauses, while
CUAD (Hendrycks et al., 2021) targets obliga-
tion extraction. Other efforts such as LexGLUE
(Chalkidis et al., 2021) and LegalBench (Guha
et al., 2023) provide multi-task evaluations of legal
reasoning. While these resources enable progress
on isolated clauses, they fall short of realistic com-
pliance scenarios where obligations, conditions,
and exceptions interact across multiple clauses. For
example, a renewal clause may extend obligations
defined elsewhere, or a liability cap may override
indemnification duties specified in different sec-
tions. Current benchmarks do not test whether
models can capture such cross-clause dependen-
cies, limiting their utility for practical compliance
applications as shown in figure 1.

To address this gap, we introduce COMPACT
(COMpliance PAralegals via Clause graph reason-
ing over conTracts), a framework for training spe-
cialized language models that can perform multi-
clause compliance reasoning. Our approach rests
on two key insights: first, that cross-clause depen-
dencies can be systematically captured through
structured clause graphs; and second, that these
graphs enable the generation of realistic compli-
ance scenarios that current benchmarks lack.

We develop a pipeline that extracts legal ele-
ments from contract clauses and organizes them
into clause graphs capturing cross-clause depen-
dencies. From these graphs, we generate the ACE
(Assessing Compliance in Enterprise) benchmark:
compliance scenarios requiring multi-clause rea-
soning, including conflict detection, exception han-
dling, and counterfactual analysis.

Given the complexity of these scenarios and
enterprise demand for efficient specialized mod-
els, we train compact language models on ACE
through distillation from larger reasoning models.
Our experiments reveal substantial performance
gaps between single-clause and multi-clause rea-
soning tasks, while demonstrating that training on
ACE improves compliance capabilities without sac-
rificing general legal reasoning performance.

Our contributions are:

* We introduce a clause graph framework for
modeling cross-clause dependencies and au-
tomatically generating compliance scenarios
that require multi-hop reasoning.

* We present ACE (Assessing Compliance in
Enterprise), the first benchmark of contract-

based compliance scenarios requiring multi-
clause reasoning, comprising 4700 scenarios
from 633 contracts.

* Through evaluation of state-of-the-art LL.Ms,
we demonstrate that multi-clause reasoning
represents a fundamental challenge (34-57%
base model accuracy), while training on ACE
yields substantial improvements on compli-
ance tasks (+22-43 points) and improves per-
formance on other general legal reasoning
benchmarks (PrivaCI-Bench, ContractNLI).

2 Related Work

Theoretical Foundations: Deontic Logic in Le-
gal Compliance. Our approach builds on estab-
lished frameworks in legal compliance and deontic
logic. Governatori et al. (2007) classify legal obli-
gations based on temporal semantics: achievement
obligations require conditions to occur at least once
before a deadline, maintenance obligations require
conditions to hold continuously until a deadline,
and punctual obligations require actions at specific
times. These temporal distinctions are critical for
compliance verification, as they determine how vio-
lations are detected and when obligations are satis-
fied. Building on this classification, Giordano et al.
(2013) formalize temporal obligation patterns using
deontic logic combined with Answer Set Program-
ming, demonstrating computational verification
across diverse domains including HIPAA compli-
ance. Their framework identifies deadline compli-
ance checking, violation time-point identification,
and obligation sequencing as essential capabilities
for automated compliance systems. These theoreti-
cal foundations directly motivate our entity extrac-
tion methodology, which decomposes clauses into
deontic-temporal components (Subject, Deontic,
Action, Object, Temporal_Condition) to cap-
ture the obligation structures formalized in this lit-
erature (see Appendix B.1 for our complete frame-
work).

Graph-Based Legal Reasoning. Recent work
has explored structured representations for legal
reasoning through graph-based approaches. Das-
gupta et al. (2025) presents OLG++ which con-
structs rule-level graphs for individual legal provi-
sions using deontic logic primitives, modeling fine-
grained obligation structures within single rules.
Their approach operates at a complementary granu-
larity to ours: while OLG++ models internal obliga-
tion structure within provisions, our clause graphs
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Figure 2: Dataset Generation pipeline for Multi-clause Legal dataset ACE

capture semantic and logical relationships between
clauses across entire documents. This document-
level perspective enables reasoning about defini-
tional dependencies (where terms defined in one
clause govern obligations in another), exception hi-
erarchies (where carve-out clauses modify general
rules), and temporal sequences (where obligations
cascade across clause boundaries). Our graph con-
struction methodology (Appendix B.3) identifies
six core relationship types—DEFINES, COMPLE-
MENTS, EXCEPTIONS, DEPENDS_ON, CON-
FLICTS, and SEQUENCE—that generalize across
diverse contractual domains.

Domain-Specific Feature Frameworks.
Domain-specific feature frameworks have shown
promise for grounding LLMs in specialized
legal tasks. GOLDCOIN (Fan et al., 2024)
achieves 97.66% accuracy on HIPAA privacy
compliance by leveraging Contextual Integrity
Theory (Nissenbaum, 2004), which models
information flows through five entities including
sender, recipient, and information type. However,
these information-flow primitives are structurally
limited to scenarios where information changes
hands, and cannot represent the broader landscape
of contractual obligations such as performance
requirements, payment terms, or termination rights.
Our deontic-temporal entity framework addresses
this limitation by abstracting obligations into their
core components (Subject, Deontic, Action,

Object, Temporal_Condition), enabling rep-
resentation of both privacy-specific information
flows and general contractual actions. Our
framework is applied across 633 contracts from
CUAD (Hendrycks et al., 2021) and ContractNLI
(Koreeda and Manning, 2021), spanning diverse
contractual domains (see Appendix B.1.1).

Existing synthetic data generation methods for
legal Al, including GOLDCOIN’s privacy scenario
generation, exhibit systematic limitations. First,
they are typically domain-specific and focus on
single-clause reasoning rather than multi-clause in-
teractions. Second, they suffer from distribution
shift: prior work on contextual integrity-based gen-
eration shows a 12% performance gap between syn-
thetic and real evaluation cases (Li et al., 2025a),
with models achieving 92.64% on synthetic scenar-
ios but only 80.29% on real court cases. This gap
stems from detectable artifacts such as explicit fea-
ture enumeration and compliance-indicative tonal-
ity. Our adversarial scenario generation strategy
(see Appendix C.2) addresses both limitations by
creating multi-clause compliance scenarios that are
technically compliant or non-compliant while ap-
pearing otherwise to surface-level analysis, forcing
models to perform multi-hop legal reasoning rather
than pattern matching.

Comparison with Prior Frameworks Our
deontic-temporal entity framework differs from
prior legal knowledge graph structures in three key
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ways:

(1) Deontic and temporal concepts as explicit
entities: We model obligation/permission/prohibi-
tion and temporal qualifiers (deadlines, durations,
triggers) as structured first-class entities for every
clause, rather than implicit attributes or free text.

(2) Document-level clause relationships:
While OLG++ (Dasgupta et al., 2025) focuses
on rule-level graphs for individual legal provi-
sions, our framework operates at the document
level, using edges such as DEFINES, COMPLE-
MENTS, EXCEPTIONS, DEPENDS_ON, CON-
FLICTS, and SEQUENCE. This enables reason-
ing across clauses (e.g., exception stacks, cascad-
ing definitions, multi-clause temporal conditions),
rather than only within isolated provisions.

(3) Broader applicability beyond domain-
specific  models: GOLDCOIN’s  (Fan
et al., 2024) Contextual Integrity schema
(Sender—Recipient—Information Type) is tailored
to privacy scenarios and cannot represent broader
contractual constructs such as obligations, pay-
ment terms, or IP licensing. In contrast, our
Subject—Deontic—Action—Object abstraction
generalizes across a wide range of clause types and
contract categories.

3 COMPACT Framework

Our framework constructs clause graphs from con-
tracts to generate compliance scenarios requiring
multi-clause reasoning. Figure 2 illustrates the
complete pipeline. Our approach consists of two
main stages:

1. Clause Graph Construction extracts deontic-
temporal entities from individual clauses, clus-
ters semantically related clauses, and infers
typed relationships between clauses to build
structured graph representations (Section 3.1)

2. ACE Dataset Generation samples structurally
complex clause combinations from these graphs,
generates adversarial compliance scenarios, and
validates them via LLM-based quality control
(Section 3.2).

3.1 Clause Graph Construction

Legal compliance verification requires reasoning
about cross-clause dependencies that single-clause
benchmarks cannot capture (Governatori et al.,
2007; Giordano et al., 2013). A clause defining
“Confidential Information” governs obligations else-
where requiring its protection; an exception clause

modifies general rules stated in other provisions;
temporal conditions in one clause trigger obliga-
tions specified in another. We address this through
structured clause graphs that explicitly model these
inter-clause relationships.

3.1.1 Deontic-Temporal Entity Framework

Our entity extraction process uses carefully de-
signed prompts with GPT-40 to systematically de-
compose each legal clause into structured entities.
Building on temporal obligation formalization in le-
gal compliance literature (Governatori et al., 2007;
Giordano et al., 2013), we decompose each legal
clause into structured entities: Subject (the legal
actor bound by the obligation), Deontic (obliga-
tion strength: mandatory, permitted, prohibited),
Action (the regulated behavior), Object (what
the action applies to), and Temporal_Condition
(time-based constraints such as deadlines or dura-
tions).

This deontic-temporal abstraction enables rep-
resentation of diverse contractual obligations in-
cluding performance requirements, payment terms,
termination rights, and privacy-related information
flows. The framework is validated across 633 con-
tracts from CUAD (Hendrycks et al., 2021) span-
ning 41 clause types and ContractNLI (Koreeda
and Manning, 2021). Details on entity extraction
methodology, prompts, and examples are provided
in Appendix B.1.

Entity Extraction Validation To ensure relia-
bility, we assessed 50 randomly sampled clauses
using both Claude Sonnet 4 and a human reviewer.
Table 1 shows the validation results.

Evaluation Type  Precision Recall
LLM evaluation 97.4% 96.7%
Human evaluation 95.8% 93.8%

Table 1: Entity extraction validation results on 50 ran-
domly sampled clauses.

3.1.2 Semantic Clustering

Entity extraction produces independently annotated
clauses. To enable efficient graph construction,
we group semantically related clauses into func-
tional clusters using an entity-grounded approach.
The clustering leverages extracted entity pat-
terns (Subject, Action, Object, clause_type,
contains_defined_terms) combined with legal
domain knowledge to identify clauses serving sim-
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ilar regulatory functions (e.g., information pro-
tection obligations, definitional provisions, excep-
tion clauses). Unlike strict partition-based meth-
ods, our approach supports multi-cluster member-
ship, acknowledging that individual clauses of-
ten serve multiple legal functions simultaneously
(Lu et al., 2011). This semantic organization fa-
cilitates downstream edge inference by grouping
clauses that are likely to exhibit intra-cluster re-
lationships (complementary obligations, temporal
sequences) while preserving the structure needed
to identify inter-cluster dependencies (definitional
links, exception hierarchies). Clustering method-
ology, prompt design, and output analysis are de-
tailed in Appendix B.2.

3.1.3 Graph Formalization

Following entity extraction and semantic cluster-
ing of related clauses, we construct clause graphs
through typed edge inference. Formally, let G =
(V, E, R) be a clause graph where:

* V ={c1,...,cy} is the set of clause nodes,
each annotated with extracted entities

* F C V x V is the set of directed edges be-
tween clauses

* R: E — 7T maps edges to relationship types

where

7T = {DEFINES, COMPLEMENTS, EXCEPTIONS,
DEPENDS_ON, CONFLICTS, SEQUENCE}

Edge inference operates on entity-level at-
tributes: DEFINES edges connect definitional
clauses to operative clauses containing those
terms (matching contains_defined_terms); DE-
PENDS_ON edges capture temporal or conditional
prerequisites (matching Temporal_Condition and
Contextual_Parameters); EXCEPTIONS edges
link carve-out clauses to the general rules they mod-
ify. This document-level perspective complements
recent work on rule-level graphs (Dasgupta et al.,
2025), enabling reasoning about definitional de-
pendencies, exception hierarchies, and temporal
sequences that span clause boundaries. Complete
relationship taxonomy and linking methodology
are detailed in Appendix B.3.

Clause Graph Validation We evaluated 10 ran-
domly sampled contract-level graphs on two met-
rics using both Claude Sonnet 4 and a human re-
viewer. Cluster Assignment Accuracy measures
how accurately the model groups clauses into their

correct semantic clusters, while Edge Correctness
Accuracy evaluates whether the graph correctly
identifies the relations (edges) between pairs of
clauses.

Evaluation Type Cluster Assignment Edge Correctness
LLM accuracy 99.1% 93.7%
Human accuracy 96.1% 91.4%

Table 2: Clause graph validation results on 10 randomly
sampled contract-level graphs.

3.2 ACE Dataset Generation

Not all clause combinations pose equal interpretive
difficulty. We employ pattern-based sampling to
identify structurally complex clause combinations,
generate adversarial scenarios exhibiting controlled
ambiguity, and validate scenario quality via LLM-
based filtering.

3.2.1 Pattern-Based Complexity Sampling

We identify eight complexity patterns where le-
gal ambiguity arises, including definitional chains
(cascading term dependencies), temporal conflicts
(overlapping deadline obligations), scope bound-
ary disputes (unclear permission/restriction bound-
aries), and exception-condition webs (multiple in-
teracting carve-outs). For each clause combination,
we compute an enhanced complexity score:

Scoreepy = (Scorebase + weH + weDeross

ey
+wanet) * Pconf

where Scorepase is the rule-based pattern
score, H is relationship type entropy (H =
— >, Dr 108y Pr), Deross is cross-cluster edge den-
sity, Dpet is network density (Newman, 2010), and
@conf 18 average extraction confidence. This formu-
lation combines symbolic pattern detection with
graph-theoretic structural metrics to quantify inter-
pretive difficulty. Pattern detection algorithms and
complexity analysis are provided in Appendix C.1.

3.2.2 Adversarial Scenario Generation

As discussed in Section 2, synthetic data gener-
ated using prior approached when used for train-
ing models exhibits systematic performance gaps
due to detectable distributional artifacts (Li et al.,
2025a). Our generation strategy leverages adver-
sarial prompting to construct scenarios that closely
resemble genuine compliance cases, yet exhibit
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subtle inconsistencies that challenge surface-level
interpretation. We generate three scenario types:
Compliant-with-Distractor scenarios where ac-
tions strictly satisfy requirements but are masked
by misleading contextual details (e.g., informal
communication channels, minimalist compliance)
Violation-with-Plausible-Defense scenarios con-
taining clear breaches masked by superficially rea-
sonable justifications (e.g., good-faith intent, scope
misapplication)

Non-Applicable via Cross-Matching scenarios
that pair clause combinations with scenarios orig-
inally generated for non-overlapping provisions
from the same document, ensuring domain rele-
vance while avoiding trivial negatives. This ap-
proach forces evaluation systems to perform multi-
hop legal reasoning rather than pattern matching
on synthetic artifacts. Generation strategies and
example scenarios are detailed in Appendix C.2.

3.2.3 LLM-Based Validation

Generated scenarios undergo validation via Claude
Sonnet 4, distinct from our generation model
(GPT-40), to mitigate self-preference bias (Pan-
ickssery et al., 2024; Verga et al., 2024). Follow-
ing reference-guided evaluation approaches that
reduce self-enhancement bias (Badshah and Sajjad,
2024), the validator receives the scenario, govern-
ing clauses, claimed label, and provided reason-
ing. Validation assesses mainly two dimensions:
(1) Clause Governance (relevance score > 0.7):
whether the scenario’s central legal conflict is mean-
ingfully governed by the provided clauses; (2) La-
bel Correctness (confidence score > 0.8): whether
the compliance label accurately reflects clause ap-
plication to scenario facts. Scenarios must satisfy
both checks for acceptance. Complete validation
protocol is provided in Appendix C.3.

3.3 Model Training via Distillation

We employ a distillation-based training pipeline
to transfer structured legal reasoning abilities from
a powerful reasoning model to smaller, instruction-
tuned LLMs. Specifically, we use the DeepSeek-
R1-0528 (Guo et al., 2025) model as the reacher to
generate detailed reasoning traces for each scenario
in the ACE (Assessing Compliance in Enterprise)
dataset. Each trace provides a step-by-step explana-
tion of how the given Regulatory Provisions relate
to the Case Scenario, concluding with a compli-
ance judgment.

To ensure the correctness of the supervision data,

we perform rejection sampling—filtering out in-
stances where the reasoning or final label contra-
dicts the clause evidence. Only validated reasoning—
label pairs are retained for model training. (see
Appendix C.4)

We fine-tune L1ama-3.2 (3B), L1ama-3.1 (8B)
(Touvron et al., 2023), and Qwen2.5 (1.5B, 3B,
7B) instruction models (Bai et al., 2024)" using
Supervised Fine-Tuning (SFT) with LoRA (Low-
Rank Adaptation) for parameter-efficient training,
as implemented in the TRL framework.

All models were trained with bfloat16 preci-
sion and gradient checkpointing on one NVIDIA
H100 GPUs, with each model taking approximately
1-2 hours to train. Detailed hyperparameter settings
are provided in the Appendix C.4.1.

4 ACE (Assessing Compliance in
Enterprise) Dataset

4.1 Corpus Statistics

The ACE dataset comprises 633 legal documents
spanning 26 distinct agreement types, sourced from
CUAD and ContractNLI repositories. As illus-
trated in Figure 3, the distribution reflects real-
istic enterprise contract frequencies. NDAs con-
stitute the largest category at 19.4% (123 doc-
uments), followed by Maintenance Agreements
(5.4%), License Agreements (5.2%), and Distribu-
tor Agreements (5.1%). The dataset also includes
lower-frequency but practically relevant categories
such as Consulting Agreements (1.7%) and Non-
Disparagement Agreements (0.5%), enabling eval-
uation across both high-resource and long-tail com-
pliance scenarios.

4.2 Label Distribution

The dataset contains 4,700 clause-scenario pairs
distributed across training (3,240), validation (360),
and test (1,100) splits, as detailed in Table 3. The
three compliance categories are approximately bal-
anced: Compliant (1,580 instances, 33.6%), Non-
Compliant (1,600 instances, 34.0%), and Non-
Applicable (1,520 instances, 32.3%). This bal-
anced design mitigates class imbalance issues
while reflecting the practical occurrence of non-
applicable clauses in real-world contract analysis.

4.3 Dataset Diversity

To assess the diversity of generated scenarios in
our dataset, we employ a combined diversity met-

'All models are available at https://huggingface.co/
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Labels Train Val Test Total
Compliant 1080 120 380 1580
Non-Compliant 1080 120 400 1600
Non Applicable 1080 120 320 1520
Total 3240 360 1100 4700

Table 3: Distribution of output labels across train and
test split on ACE dataset
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Figure 4: Distribution of pairwise similarity scores
across all scenarios using combined ROUGE-L and
embedding-based metrics.

ric that captures both lexical and semantic varia-
tions. Following established practices in text diver-
sity measurement (Lin, 2004; Shaib et al., 2024),
we calculate lexical similarity using ROUGE-L
and semantic similarity using sentence embed-
dings via the all-mpnet-base-v2 model (Reimers
and Gurevych, 2019) and took average of them.
Recent work has demonstrated that combining mul-
tiple diversity metrics provides complementary per-
spectives, as lexical measures capture surface-level
variation while embedding-based approaches cap-
ture semantic distinctiveness (Shaib et al., 2024;
Zhu et al., 2018). Using a similarity threshold

of 0.7, our combined diversity metric achieves
a 95.3% uniqueness rate, indicating that the vast
majority of scenario pairs are distinct while main-
taining expected thematic overlap within the legal
domain. The complete distribution of similarity
scores across all scenario pairs in test set is pre-
sented in Figure 4.

4.4 Dataset Quality Assessment

To evaluate the quality and realism of our syntheti-
cally generated scenarios, we adopt a discriminator-
based approach inspired by adversarial training
frameworks (Goodfellow et al., 2014), where we
employ an LLM to distinguish between real and
synthetic samples. Following recent studies show-
ing that Claude models align closely with human

judgments on evaluation tasks (Verga et al., 2024),

we leveraged Claude Sonnet 4 to evaluate our

dataset along three key dimensions:

1. Synthetic Detectability:  This evaluates
whether the model can identify scenarios as syn-
thetic based on linguistic or structural features,
serving as an indicator of their naturalness and
realism.

2. Compliance Interpretability: Here, the model
classifies scenarios as compliant, violation, or
unclear, using only the narrative text without
access to the governing regulatory clauses. Low
performance on this task supports our hypothe-
sis that accurate compliance assessment requires
explicit regulatory context, rather than being
solvable through superficial patterns.

3. Paired Comparison: In this evaluation, the
model distinguishes synthetic scenarios from
real legal cases: HIPAA (Li et al., 2025b) in
direct head-to-head comparisons, providing a
robust measure of realism relative to authentic
legal data.

Table 4 reports evaluation results; lower accu-
racy indicates better scenario quality.

Dataset  Synthetic Detection

ACE 18.8%

Compliance

38.6%

Paired Comparison

57.1%

Table 4: Quality assessment results of the ACE dataset.
Note that lower accuracy corresponds to higher scenario
quality and realism. Compliance assessment uses only
the narrative text without access to regulatory clauses

Human Expert Evaluation In addition to model-
based evaluation, we conducted comprehensive
legal human expert assessment to validate ACE
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dataset quality. We evaluated 50 randomly sam-
pled ACE scenarios with a legal expert.
Evaluation Setup: For each datapoint, the ex-
pert was given the generated compliance case
scenario and the specific regulatory clauses from
which it was constructed.

Evaluation Dimensions: The expert evaluated
each scenario along two dimensions:

* Clause governance — whether the cited regula-
tory clause actually governs the given legal case
scenario.

* Label correctness — whether the assigned label
(Compliant / Non-Compliant / Not-Applicable)
is correct or not.

Evaluation Dimension  Correct Cases Accuracy
Clause governance 48 /50 96%
Label correctness 46 /50 92%

Table 5: Human expert evaluation results on 50 ran-
domly sampled ACE scenarios.

Cases with incorrect labels were primarily those
affected by ambiguous clause wording and conflicts
between overlapping regulatory requirements. The
expert confirmed that the reviewed scenarios appear
realistic and plausible, validating the quality of
our adversarial generation approach. Overall, this
evaluation confirms that the dataset exhibits strong
consistency, relevance, and legal validity.

5 Experimental Setup

We evaluate our fine-tuned models across three di-
mensions to assess both in-domain performance
and out-of-distribution generalization. First, we
establish baseline performance on the ACE test
set, where models are trained and tested on con-
tract compliance checking. Second, to evaluate
cross-domain generalization, we test our mod-
els on PrivaCI-Bench’s (Li et al., 2025b) EU Al
Act and HIPAA subsets, representing Al regulation
and healthcare compliance respectively—domains
distinct from the contract law on which our mod-
els were trained. Following our training distribu-
tion (average token length ~6k), we filter sam-
ples exceeding 6k tokens, yielding 2,617 EU Al
Act samples (out of 3,000) and 120 HIPAA sam-
ples (out of 214). Third, to evaluate cross-task
generalization, we test on ContractNLI (Koreeda
and Manning, 2021), which requires legal entail-
ment reasoning rather than compliance checking.
Unlike prior work (e.g., GOLDCOIN (Fan et al.,

2024), Domainols (Chu et al., 2025)) that evaluates
primarily within the training domain, our experi-
mental design explicitly tests whether models learn
generalizable legal reasoning patterns that transfer
across both legislative domains and task types.
Evaluation Metrics: Across all datasets, we
report Accuracy and macro-F1 to balance overall
correctness with sensitivity to minority classes.

6 Result and Analysis

In-domain Performance on ACE. Table 6 re-
ports results on the ACE test set, assessing models
trained and evaluated within the contract compli-
ance domain. Fine-tuning on ACE consistently
improves both Accuracy and macro-F1 across all
models. Notably, even small language models such
as LLaMA-3B and Qwen-1.5B achieve competitive
performance gain of +51 and +38.2 % points re-
spectively in F1-score after fine-tuning, indicating
that ACE provides sufficient structure for learning
cross-clause dependencies without requiring large-
scale capacity.

Cross-domain Generalization. We next evalu-
ate transfer to the EU Al Act and HIPAA subsets
of PrivaCI-Bench (Li et al., 2025b), which repre-
sent distinct regulatory regimes in Al governance
and healthcare (Table 7). Models fine-tuned on
ACE shows clear gains over their base versions,
indicating that clause-level reasoning learned from
contracts transfers effectively to diverse regulatory
domains. The Qwen models, in particular, demon-
strate stable cross-domain generalization, while
slight drops in larger models suggest the need for
better calibration across domains.

Cross-task Generalization.  To examine
whether ACE fine-tuning benefits broader legal
reasoning beyond compliance classification, we
evaluate on ContractNLI (Koreeda and Manning,
2021), a legal entailment task requiring inference
over interdependent clauses (Table 8). Fine-tuned
models consistently outperform their base coun-
terparts in F1-score, indicating that the relational
reasoning learned in ACE transfers effectively to
entailment tasks, bridging compliance verification
and legal inference.

Overall Insights. Across all evaluation di-
mensions, ACE fine-tuning delivers substantial in-
domain gains, consistent cross-domain transfer,
and measurable improvements in cross-task rea-
soning. These results demonstrate that models fine-
tuned with ACE learns transferable legal reasoning
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Model Accuracy F1-Score

Base FT A Base FT A
LLaMA-3B 424 789 +36.5 283 793 +51.0
LLaMA-8B 345 77.6 +43.1 17.5 785 +61.0
Qwen-1.5B 452 739 +28.7 369 751 +38.2
Qwen-3B 425 758 +333 28.7 775 +48.8
Qwen-7B 56.8 785 +421.7 53.1 789 +25.8

Table 6: Performance comparison of base and fine-tuned
models on the ACE test set.

Model Type  EUAIAc HIPAA
Acc F1 Acc F1
Base 372 201 378 309
LLaMA-3B - b 4461 4021 44517 3481
Base 621 543 421 404
LLaMA-8B  pr 595 5521 348] 3374
Base 453 332 273 233
Qwen-15B £ 5084 4931 5371 4041
Qwensp  Buse 662 536 465 381
FT 6687 6621 5731 4471
Qwen7p  Buse T4l 649 715 553
FT 7681 7571 7281 6081

Table 7: Performance comparison across PrivaCI-
Bench’s EU AI Act and HIPAA task subsets.

patterns—capturing obligations, exceptions, and
conditional dependencies that generalize beyond
contract texts. The strong performance of small
language models (e.g., LLaMA-3B, Qwen-1.5B)
shows ACE’s practicality for enterprise use, en-
abling reliable compliance reasoning with minimal
computational overhead.

Model Accuracy F1-Score
Base FT Base FT
LLaMA-3B 128 2517 106 2541
LLaMA-8B 454 418 ] 29.1 41217
Qwen-1.5B  18.1 2251 17.8 2277
Qwen-3B 53.1 5691 478 5217
Qwen-7B 625 6427 596 586

Table 8: Performance comparison of base and fine-tuned
models on the ContractNLI test set.

7 Summary and Conclusion

Real-world contract compliance requires reason-
ing across multiple clauses, a capability neglected
by existing legal Al benchmarks. We address this
with the COMPACT framework, which models con-
tracts as clause graphs to capture cross-clause de-

pendencies. From these graphs, we construct the
ACE benchmark. Our key finding is that while
multi-clause reasoning poses a significant chal-
lenge to state-of-the-art models (34-57% accuracy),
training on ACE yields substantial gains (+22-43 %
points), demonstrating that our approach success-
fully captures transferable legal reasoning skills.
This work establishes the first benchmark for sys-
tematic multi-clause contract compliance.

Limitations and Future Work

While COMPACT and ACE advance multi-clause
compliance reasoning, several limitations remain.
Our dataset focuses on English-language enterprise
contracts, limiting coverage across jurisdictions
and languages.

The models are trained on sequences averaging
6,000 tokens, restricting evaluation to (Li et al.,
2025b) tasks within this context length. Moreover,
our training could benefit from systematic hyper-
parameter tuning and reinforcement learning to
enhance generalization. The reasoning traces de-
rived from DeepSeek’s think tokens can also be
improved through task-specific reasoning template
tailored for legal compliance analysis.

Future work should explore multilingual and
longer-context settings, along with reinforcement
learning—based optimization to enhance reasoning
robustness and cross-domain generalization. Our
framework assumes that relevant clauses are pre-
identified; retrieving these spans from contracts
remains an important open challenge for future
work.
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A Appendix

In this appendix, we provide comprehensive tech-
nical details and methodological specifications that
complement the main paper. Due to space con-
straints in the main text, we present here the com-
plete implementation of our three-stage pipeline
for legal document analysis and compliance evalu-
ation.
In particular, this appendix contains the follow-
ing:
* Graph of Clause Generation
— Entity Extraction for Legal Clause Anal-
ysis
% Design Rationale: From Privacy to
General Compliance
% Deontic-Temporal Entity Framework
* Clause Type Classification for Graph
Construction
+ Entity Extraction Prompt Design
— Semantic Clustering of Legal Clauses
* Motivation: From Flat Entities to Re-
lational Structure
# Clustering Methodology
* Multi-Cluster Membership Frame-
work
# Clustering Prompt Architecture
# Clustering Output Analysis
— Graph Construction via Clause Linking
+ Motivation: From Clusters to Graphs
* Relationship Taxonomy and Two-
Phase Approach
Linking Methodology
Prompt Architecture
Output Examples and Visualization
* Case Generation for Compliance Evaluation
— Pattern-Based Clause Combination Sam-
pling
— Adversarial Scenario Generation
* Design Rationale: Avoiding Syn-
thetic Distribution Shift
* Scenario Generation Strategy
# Generation Prompts
— LLM-Based Validation
* Model Training Details
— Training Configuration
* Compliance Evaluation Task
* Case Study on Model Performance

* ¥ ¥

B Graph of Clause Generation

Our graph generation approach employs a system-
atic three-stage pipeline designed to transform le-

gal documents into structured clause graphs. The
pipeline consists of: (1) entity extraction to iden-
tify deontic structures and legal components within
individual clauses, (2) semantic clustering to
group related clauses based on extracted features,
and (3) graph construction via clause linking to
detect relationships both within clusters and across
different thematic groups. Each stage builds upon
the structured outputs of the previous stage, en-
abling scalable and interpretable legal document
analysis.

B.1 Entity Extraction for Legal Clause
Analysis

B.1.1 Design Rationale: From Privacy to
General Compliance

Recent approaches to legal Al have demonstrated
that domain-specific feature frameworks can ef-
fectively ground LLMs in specialized legal tasks.
GOLDCOIN (Fan et al., 2024) achieves 97.66% ac-
curacy on HIPAA (Act, 1996) privacy compliance
by leveraging Contextual Integrity Theory (Nis-
senbaum, 2004), which models information flows
through five core entities: Sender, Recipient, Sub-
Jject, Information Type, and Transmission Principle.

However, privacy obligations represent only a
subset of contractual compliance. Consider this
clause from a supply agreement:

“Supplier shall deliver conforming goods
within 14 days of purchase order, and Buyer
shall inspect goods within 7 days of delivery.”

GOLDCOIN’s information-flow abstraction can-
not represent:

* Non-information obligations: No informa-
tion is being transmitted; performance actions
are required

* Temporal dependencies: Inspection window
depends on delivery completion

» Cascading deadlines: 14-day + 7-day se-
quence with implicit start/end triggers

* Dual actor obligations: Both parties bound
by distinct requirements

Why Deontic-Temporal Entities? Our entity
framework addresses three limitations of privacy-
centric approaches:
1. Generalizability Across Obligation Types
Contextual integrity features are structurally lim-
ited to scenarios where information changes hands.
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Our framework is validated on two complementary
datasets: 510 contracts from CUAD (Hendrycks
etal.,2021) spanning 41 clause types across 25 con-
tract categories, and 123 NDAs from ContractNLI
(Koreeda and Manning, 2021).

NDAs as a bridge case: ContractNLI’s 17 hy-
potheses (Koreeda and Manning, 2021) demon-
strate that even privacy-focused contracts require
temporal-deontic reasoning beyond information
flow. For instance:

» Temporal obligations: Hypothesis #13 asks
whether “Receiving Party shall destroy or re-
turn some Confidential Information upon the
termination of Agreement”

* Persistence of obligations: Hypothesis #16
examines whether “Some obligations of
Agreement may survive termination of Agree-
ment”

* Conditional permissions: Hypothesis #7 ad-
dresses whether “Receiving Party shall notify
Disclosing Party in case Receiving Party is
required by law [...] to disclose”

These hypotheses involve when obligations
apply (temporal logic), who must do what
(deontic assignment), and wunder what condi-
tions (modal logic)—elements that Contextual In-
tegrity’s information-flow primitives (Sender, Re-
cipient, Subject, Information Type, Transmission
Principle) cannot express.

Extending beyond privacy: While NDAs ex-
pose limitations even within privacy-adjacent do-
mains, CUAD’s 41 clause types (Hendrycks et al.,
2021) encompass entirely non-informational obli-
gations including payment terms (Revenue/Profit
Sharing, Minimum Commitment), performance
requirements (Post-Termination Services, Audit
Rights), intellectual property rights (IP Ownership
Assignment, License Grant), liability allocation
(Cap on Liability, Liquidated Damages), and ter-
mination conditions (Termination for Convenience,
Expiration Date).

By decomposing obligations into
Subject-Deontic-Action-Object, we sub-
sume privacy information flows (Action € {share,
disclose, access}) while extending to general
contractual actions (Action € {deliver, pay,
indemnify, license, terminate}).

2. Explicit Temporal Modeling

Legal compliance literature identifies temporal
structure as critical for distinguishing obligation
types. Governatori et al. (2007) classify obligations
based on their temporal semantics:

* Achievement obligations: condition must oc-
cur at least once before deadline

* Maintenance obligations: condition must
hold continuously until deadline

* Punctual obligations: action required at spe-
cific time

These obligation types are recognized as essen-
tial for business process compliance verification
(Governatori, 2010). Building on this classification,
Giordano et al. (2013) provide a formal framework
using temporal deontic logic combined with An-
swer Set Programming, demonstrating how such
obligations can be computationally verified across
diverse compliance domains including HIPAA.

GOLDCOIN conflates temporal constraints into
“Transmission Principles,” losing the granularity
needed for compliance verification (Giordano et al.,
2013):

* Deadline compliance checking
* Violation time-point identification
* Contrary-to-duty obligation handling

* Obligation sequencing and dependencies

Concrete formalizations from compliance lit-
erature:

Giordano et al. (2013) formalize temporal obli-
gation patterns drawn from business process com-
pliance literature (Governatori, 2010):

* Achievement with deadline: “Customers
must pay before delivery of goods” —
0(—goods U paid), where payment must occur
at least once before the deadline event

* Maintenance: “Keep positive bank balance
until charges taken” — O(pos_balance U
charges_taken), requiring the condition to
hold continuously

* Punctual: “System must immediately ac-
knowledge message” — 0(Xack), requiring
action at the next temporal point

* Non-preemptive achievement: “Send con-
tract copy after signing” — O(—deadline U{
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send_copy) T), where the action must occur
after the triggering event and before the dead-
line

Such formal temporal distinctions are essen-
tial for contractual compliance, where obliga-
tions often involve complex deadline dependencies.
Our Temporal_Condition field makes deadlines
first-class entities, enabling explicit modeling of:
“within X days,” “by date Y,” “during term,” “upon
event Z.”

3. Compositional Graph Construction

While GOLDCOIN constructs a static hierarchy
of legal norms through subsume and refer relation-
ships, this approach treats norms as isolated termi-
nals without capturing their interactions. In con-
tractual contexts, clauses frequently exhibit com-
plex interdependencies that GOLDCOIN’s privacy-
focused framework cannot represent.

In our model, each clause is a node, anno-
tated with its extracted entities (Subject, Deontic,
Action, Object, Temporal_Condition). The
power of our approach lies in inferring typed edges
between these nodes by matching their entity at-
tributes. This transforms a flat list of clauses into a
relational graph that captures the contract’s logical
and temporal structure.

Edge inference is guided by rules that operate
on the entity-level:

* Cross-clause dependency detection: Model-
ing how obligations in one clause trigger or
modify obligations in others

» Temporal constraint propagation: Sequenc-
ing obligations based on deadline dependen-
cies and conditional triggers

* Conflict resolution: Identifying contradictory
requirements across different clause types

* Obligation chain analysis: Tracing compli-
ance pathways through interconnected require-
ments

This compositional approach is not supported by
the GOLDCOIN framework. Its entities (Sender,
Recipient, Information Type) are too semantically
narrow to establish general-purpose links. One
cannot infer a temporal dependency or a defini-
tion from matching a ‘Sender‘ entity alone. Our
framework, by abstracting obligations to their core
components, enables the detection of these critical

inter-clause relationships, which is essential not
only for holistic compliance analysis but also for
other legal tasks such as contract interpretation,
understanding, and relevant clause retrieval.

Empirical Validation of Generalizability
Cross-domain coverage comparison:

* GOLDCOIN (Contextual Integrity The-
ory): 1 domain (Healthcare/HIPAA), privacy-
related clause types

* Our Framework: 25+ contract types
(CUAD) + NDA contracts (ContractNLI), 41+
clause types spanning diverse legal domains

The Subsumption Property The generality of
our deontic-temporal framework is further high-
lighted by its ability to subsume domain-specific
models like GOLDCOIN’s. A privacy obligation
is merely a specific instance of a general con-
tractual obligation where the Action is one of
{share, disclose, transmit} and the Object is an
Information Type.
Example transformation:

e GOLDCOIN: ‘Dr. Smith (Sender) must
not disclose (Transmission Principle) patient
records (Information Type) to an insurer (Re-
cipient).’

* Our Framework: ‘Dr. Smith (Subject)
shall not (Deontic) disclose (Action) patient
records (Object) to an insurer (Counterparty).’

Therefore, our model can represent privacy
clauses natively while also capturing the vast land-
scape of non-privacy obligations that GOLDCOIN
cannot. This makes our compositional graph con-
struction a fundamentally more powerful and scal-
able approach for automated legal document under-
standing.

B.1.2 Deontic-Temporal Entity Framework

Building on the rationale established in Section
B.1.1, we formalize our entity extraction approach
using deontic logic (Giordano et al., 2013) as the
theoretical foundation.

Core Entity Decomposition Each legal clause
imposing or granting rights is decomposed into
eight structured fields:

1. Subject: The legal actor bound by or benefit-
ing from the obligation
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2. Deontic Modal: The type and strength of
obligation/permission

EEIRT3

e Obligation: “shall,” “must,
(mandatory)

agrees to”

99 ¢

* Permission: “may,” “is entitled to” (op-
tional)

* Prohibition: “shall not,” “is prohibited”
(forbidden)

* Implicit detection: “No right is granted”
— prohibition

3. Action: The regulated behavior or activity
(e.g., deliver, pay, disclose)

4. Object:The thing/information being acted
upon (e.g., goods, fees)

5. Temporal Condition: Time-based constraints
on obligation validity

* Deadlines: “within 30 days,” “by Jan-
vary 17

* Durations: “for 2 years,” “during the
term”

LR T3

* Time periods: “after termination,” “upon

expiration”

6. Contextual Parameters: Situational triggers
and constraints

» Triggering events: “upon breach,” “if re-

quested”

* Purpose: “for treatment,” “to enforce
rights”

* Manner: “in writing,” “via certified
mail”

» Conditions: “unless waived,” “except as
permitted”

7. Contains Defined Terms: Capitalized/quoted
terms requiring definition lookup

8. Counterparty: The entity receiving/provid-
ing the action (if applicable)

This 8-field decomposition provides a com-
plete representation of deontic-temporal obliga-
tions in contracts. Each field serves a dis-
tinct role: Subject, Action, Object, and
Counterparty capture the who-does-what-to-
whom structure; Deontic_Modal encodes obli-
gation strength; Temporal_Condition handles

when constraints; and Contextual_Parameters
captures conditional triggers and procedural re-
quirements. The Contains_Defined_Terms flag
enables cross-referencing to definitional clauses.
Together, these entities formalize the deontic-
temporal patterns identified in legal compliance lit-
erature (Governatori, 2010; Giordano et al., 2013)
while remaining general enough to apply across
diverse contractual domains.

B.1.3 Clause Type Classification for Graph
Construction

Our pipeline performs automated clause type clas-
sification to guide downstream clustering and edge
inference. We distinguish four functional cate-
gories: Operative clauses impose obligations or
grant permissions (e.g., "Supplier shall deliver
goods") and receive full 8-field entity extraction;
Definitional clauses establish term meanings (e.g.,
"Confidential Information means...") and generate
definition edges to clauses containing those terms;
Exception clauses create carve-outs from general
rules (e.g., "Except when required by law...") and
produce modification edges to the rules they alter;
and Conditional clauses specify triggering events
(e.g., "Upon termination...") and create temporal
dependency edges to the consequences they acti-
vate. Classification employs pattern-based recog-
nition of linguistic markers ("means," "shall," "ex-
cept,” "upon") combined with contextual disam-
biguation to distinguish operative prohibitions ("No
right is granted") from exception markers ("Obliga-
tions will not apply to..."). This typed classification
enables the semantic clustering stage (B.2) to group
clauses by functional role and the graph linking
stage (B.3) to infer relationship-specific edges.

B.1.4 Entity Extraction Prompt Design

The following prompt implements our comprehen-
sive entity extraction methodology for operative
legal clauses.

Entity Extraction Prompt

Extract legal entities and deontic
structure  from the  following
contract clause:

Clause: {clause_text}
Critical Extraction Guidelines:

Subject Identification: - Identify
the legal actor who must
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perform/is bound by the obligation
- Distinguish between grammatical
subject and legal actor - For
prohibitions (e.g., "No right is
granted”), the subject 1is the
implicit grantor

Deontic Modal Detection: - Look
for explicit modals: "shall”,
"must”, "may", "will", "agree
to” - Detect implicit obligations:
"No right is granted” = "shall
not grant” (prohibition) - For

negative constructions, identify
the underlying deontic  force

(e.g.,"is prohibited” = "shall not"”
(obligation))
Object Precision: - Identify what

the action directly applies to -
Include the complete object of the
action - For "grant rights in X" =
Object is "rights in X", not just
ny

Counterparty Logic: - If Subject
is "The Parties” = counterparty is
"reciprocal parties” - If action
involves bilateral relationship -
identify the other party - Look for
explicit mentions: "to the other”,
"the Discloser”, "the Recipient” -
For obligations TO someone - that
someone is the counterparty

Temporal vs Conditional Distinction:
- Temporal (time-based): "within
30 days”, "indefinitely"”, "during
term”, "for X years” - Conditional
(event-based): "upon request”, "if
court ordered”, "when terminated”,
"on demand”

Complex Clause Detection: - Identify
clauses with multiple coordinated
obligations or permissions - Detect
different deontic modals within the
same clause - For complex clauses,
provide decomposition analysis with
reasoning and split constituent
clauses

Entity Types to Extract: 1. Subject:
The 1legal actor bound by the

obligation (string) 2. Deontic:
Deontic modal with type (string)
3. Action: The primary regulated
action (string) 4. Object: The
complete direct object of the action
(string) 5. Temporal_Condition:
Pure time-based conditions only:
deadlines (by/within X), durations
(for X period), time periods
(during/after X), or ’not specified’
(string) 6. Contextual_Parameters:
Manner, circumstances, purposes,
roles, constraints, environments,
or triggering events under which the
action occurs, or ’not specified’
(string) 7. contains_defined_terms:
Capitalized/quoted terms needing
definition (comma-separated string
or "none") 8. counterparty:
Who receives/provides the action
(string or "not specified”)

{
"clause_type": "operative",

"entities”: {

"Subject”: "legal actor bound by obligation”,

"Deontic”: "deontic modal with type”,
"Action”: "primary regulated action”,
"Object”: "complete direct object of action”,

"Temporal_Condition”: "time-based conditions
"

"Contextual_Parameters”: "event triggers or
circumstances”,

"contains_defined_terms”: "terms needing
definition”,

"counterparty”: "action recipient/provider”

})

"complexity_analysis”: {

"reasoning”: "explanation if complex clause
detected”,

"split_clauses”: ["clausel”, "clause2”, "
clause3"]

} // optional field for complex clauses

3

B.1.5 Extraction Output Examples

The following examples demonstrate the practical
application of our entity extraction methodology,
illustrating both implicit deontic modal detection

and complex clause decomposition capabilities:
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{

"clause”: "No other right or license,
whether expressed or implied, in the
Confidential Information is granted to
the Parties hereunder.”,

"clause_type": "operative”,

"entities”: {

"Subject”: "implicit grantor”,
"Deontic”: "shall not grant (implicit
prohibition)",
"Action”: "grant”,
"Object”: "any other right or license in
the Confidential Information”,
"Temporal_Condition”: "not specified”,
"Contextual_Parameters”: "hereunder”,
"contains_defined_terms”: "Confidential
Information, Parties”,
"counterparty”: "the Parties”
}

3

{

"clause”: "a. The Recipient may disclose
Confidential Information pursuant to any
governmental, judicial, or
administrative order, subpoena,
discovery request, regulatory request or

similar method, provided that the
Recipient promptly notifies, to the
extent practicable.”,

"clause_type": "operative",

"entities”: {

"Subject”: "The Recipient”,
"Deontic”: "may (permission)”,
"Action”: "disclose”,
"Object”: "Confidential Information”,
"Temporal_Condition”: "not specified”,
"Contextual_Parameters”: "pursuant to any
governmental, judicial, or
administrative order, subpoena,
discovery request, regulatory request or
similar method, provided that the
Recipient promptly notifies, to the
extent practicable”,
"contains_defined_terms”: "Recipient,
Confidential Information”,
"counterparty”: "not specified”

})

"complexity_analysis”: {

"reasoning”: "Multiple obligations with

different deontic modals: 'may disclose'
(permission) and implicit 'must notify'
(obligation from 'provided that').
These represent distinct actions that
should be processed separately for
clarity.”,
"split_clauses”: [
"The Recipient may disclose
Confidential Information pursuant to any
governmental, judicial, or

administrative order, subpoena,

discovery request, regulatory request or
similar method."”,
"The Recipient must promptly notify,

to the extent practicable.”

]

}
3

B.2 Semantic Clustering of Legal Clauses

B.2.1 Motivation: From Flat Entities to
Relational Structure

Entity extraction (Section B.1) produces flat, inde-
pendently annotated clauses. Graph construction
(Section B.3) requires understanding which clauses
are semantically related to infer typed edges. Clus-
tering provides this intermediate semantic organiza-
tion, grouping clauses by functional relationships
while preserving the entity-level detail needed for
precise edge inference.

B.2.2 Methodology

Unlike document-level clustering approaches (Lu
etal., 2011), our method operates at the clause level
within individual contracts, where each clause may
serve multiple regulatory functions simultaneously.
Legal contracts are inherently multi-topical (Lu
et al., 2011), requiring soft clustering that permits
multi-cluster membership rather than exclusive as-
signments.

Our approach is purpose-driven: clusters
are constructed to facilitate graph edge in-
ference (Section B.3) rather than for docu-
ment organization alone. The clustering pro-
cess is entity-grounded, leveraging all ex-
tracted entity fields from Stage 1 (clause_type,
Action, Object, Deontic, Temporal_Condition,
contains_defined_terms) combined with de-
rived semantic indicators (obligation_type,
action_category, information_lifecycle).

The methodology follows a two-step process:
(1) systematic entity-pattern recognition identifies
clauses with matching or semantically similar en-
tity attributes, and (2) flexible semantic grouping
organizes these patterns into functional clusters
based on three legal dimensions:

* Functional categorization: Grouping clauses
by legal purpose based on action patterns (in-
formation disposal, protection obligations, ac-
cess control, rights restrictions, definitional
provisions)
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* Lifecycle stage analysis: Temporal organiza-
tion based on when obligations apply (initial
disclosure requirements, ongoing protection
duties, end-of-term disposal obligations)

* Deontic role classification: Grouping by obli-
gation type using extracted deontic modals
(mandatory obligations, prohibitions, condi-
tional permissions)

This entity-grounded approach differs from
text-similarity methods by using structured legal
primitives (who-does-what-when) to identify func-
tional relationships, enabling more precise seman-
tic grouping for downstream graph construction.

B.2.3

A key innovation is explicit support for multi-
cluster membership, acknowledging that legal
clauses frequently serve multiple regulatory func-
tions simultaneously. This soft clustering ap-
proach aligns with prior work recognizing the
multi-topical nature of legal documents (Lu et al.,
2011). Clauses exhibiting entity patterns consistent
with multiple legal functions are assigned to mul-
tiple clusters with structured justification. For ex-
ample, a clause requiring "protection and restricted
disclosure of Confidential Information" serves both
Information Protection and Access Control func-
tions.

Multi-Cluster Membership Framework

B.2.4 Clustering Prompt Architecture

The clustering employs engineered prompts that
balance systematic entity analysis with semantic
reasoning:

Semantic Clustering Prompt

Analyze the following legal clauses
and group them into clusters based
on systematic entity analysis and
functional relationships.

SYSTEMATIC CLUSTERING APPROACH:
STEP 1: Entity Pattern Recognition

Use the extracted entity
patterns to inform clustering:
- Clause Types: Consider
clause_type patterns (operative,
definitional, exception,
condition) - Action Categories:
Leverage action_category
field (information_disposal,

information_sharing,

information_protection, etc.) -
Subject & Object Patterns: Group
clauses with related subjects,
actions, and objects - Defined Terms:

Consider clauses sharing defined
terms (contains_defined_terms
field) - Lifecycle Stages:
Use information_lifecycle
field (end_of_lifecycle,
ongoing_protection, etc.) -
Obligation Types: Consider
obligation_type (obligation,

prohibition, permission)

STEP 2: Apply Flexible Clustering
Criteria 1. Semantic Similarity:
Group clauses that discuss similar
legal concepts, rights, or
obligations 2. Entity Overlap:
Clauses with similar subjects,
actions, or objects should be
grouped together 3. Functional
Relationship: Group clauses

that work together to govern a
specific aspect of the agreement 4.
Topical Alignment: Identify clauses
addressing the same general topic
area

GENERALIZABILITY FOCUS: -
Prioritize broad functional
categories that would apply across
contract types - Consider whether
clusters reflect generalizable
legal groupings - Avoid overly
granular distinctions that wouldn’t
generalize to other contract types -
Think about how legal professionals
would organize these clauses for
practical contract management -
Avoid single-clause clusters -
merge them with the most related
broader cluster

Design Rationale The prompt architecture em-
bodies three critical design choices that distinguish
our approach:

1. Entity-basis grounding: Explicit require-
ment to populate entity_basis fields with
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actual extracted values (specific subjects, ac-
tions, objects) rather than generic placehold-
ers, ensuring clustering decisions trace back
to systematic entity analysis rather than sub-
jective semantic judgments

2. Multi-cluster membership support: Struc-
tured framework for identifying and justify-
ing clauses that serve multiple legal functions,
validated through soft clustering approaches
from prior work (Lu et al., 2011)

3. Outlier accommodation: Recognition that
some clauses may not fit standard functional
categories, preventing forced clustering that
would reduce interpretative accuracy

B.2.5 Clustering Output Analysis

The clustering methodology produces structured
outputs that demonstrate both systematic entity uti-
lization and meaningful legal functional organiza-
tion. Analysis of representative clustering results
reveals several key patterns:

* Functional Convergence: Within individual
documents, semantically coherent functional
clusters emerge, including Information Pro-
tection Obligations, Information Disposal Re-
quirements, Access Control Restrictions, and
Confidential Information Definitions. These
cluster types recur across different contracts
in our dataset, suggesting the approach gener-
alizes beyond document-specific structure.

¢ Multi-Functional Recognition: The system
successfully identifies clauses serving multi-
ple functions through the multi-cluster mem-
bership mechanism. For instance, clauses
requiring "protection of Confidential Infor-
mation from unauthorized disclosure" are as-
signed to both Information Protection and Ac-
cess Control clusters.

e Entity Pattern Utilization: Cluster
entity_basis fields consistently re-
flect the underlying entity patterns. The
common_actions fields show semantic coher-
ence (e.g., "protect”, "hold in confidence",
"maintain” clustering together for information
protection), while shared_defined_terms
reveal terminological consistency within
functional groups.

{

"cluster_id": 2,

"cluster_name"”: "Information Protection
Obligations”,

"theme"”: "Clauses requiring the protection
of Confidential Information during its
lifecycle”,

"clause_ids"”: ["evidence_5", "evidence_12",

"evidence_13"7,
"entity_basis": {
"common_clause_types"”: ["operative"],
"common_subjects”: ["the parties”, "The
Receiving Party”],
"common_actions”: ["hold in confidence”,
"use the same degree of protection”, "
prevent and protect”],
"common_objects"”: ["Confidential
Information”],
"shared_defined_terms”: ["Confidential
Information”, "Receiving Party"]
o
"reason”: "These clauses impose
obligations on the parties to protect
Confidential Information from
unauthorized disclosure or misuse. They
focus on the ongoing protection of
information during the lifecycle of the
agreement, with shared themes of
confidentiality, security, and
restricted access.”,
"confidence”: "high”

}

Transition to Graph Construction The seman-
tic clusters produced by this methodology serve as
the foundation for edge inference in Section B.3.
Intra-cluster edges typically represent refinement
or specification relationships (e.g., one protection
obligation detailing another), while inter-cluster
edges capture cross-functional dependencies (e.g.,
definitional clauses linked to operative clauses us-
ing those terms). This dual structure enables the
graph construction phase to leverage both entity-
level precision and cluster-level semantic context.

B.3 Graph Construction via Clause Linking
B.3.1

While semantic clustering (Section B.2) identifies
which clauses are functionally related, it does not
capture how they relate to one another. Legal rea-
soning and compliance analysis require understand-
ing the precise nature of inter-clause dependencies:
Does one clause define terms used in another? Do
two clauses impose complementary obligations?
Does one create an exception to another’s general
rule? Graph construction addresses this need by
inferring typed edges between clause nodes, trans-

Motivation: From Clusters to Graphs
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forming flat cluster assignments into a relational
structure that supports systematic legal reasoning.
The resulting clause graph enables queries about
definitional dependencies, obligation chains, excep-
tion hierarchies, and potential conflicts—critical
capabilities for legal document understanding and
question answering.

B.3.2 Relationship Taxonomy and Two-Phase
Approach

Our methodology infers six core relationship types
that generalize across diverse contractual domains:

Relationship Type Description

DEFINES One clause defines terms or concepts
used in another

COMPLEMENTS  Clauses work together to govern the
same legal aspect

EXCEPTIONS One clause creates an exception to an-
other’s general rule

DEPENDS_ON One clause requires another to be trig-
gered or applied

CONEFLICTS Potential contradiction in legal obliga-
tions or permissions

SEQUENCE Temporal or procedural ordering rela-

tionship

Table 9: Core relationship types for clause linking

While recent legal Al approaches like OLG++
(Dasgupta et al., 2025) create rule-level graphs
for individual legal provisions using deontic logic
primitives, our approach constructs document-level
clause graphs that capture inter-clause relationships
across entire legal documents. The two approaches
operate at complementary granularities: OLG++
models fine-grained obligation structures within
single rules, while our method models semantic
and logical relationships between multiple clauses
across a document.

Our linking methodology follows a two-phase
approach that leverages the outputs of both entity
extraction (Section B.1) and semantic clustering
(Section B.2):

Intra-cluster linking identifies relationships
within semantically coherent groups (clauses in the
same cluster). Inter-cluster linking identifies rela-
tionships across functional groups (clauses in dif-
ferent clusters). This two-phase structure enables
efficient analysis while maintaining interpretability:
intra-cluster edges capture functional coherence,
while inter-cluster edges capture cross-cutting le-
gal logic.

B.3.3 Linking Methodology

Intra-Cluster Linking Intra-cluster linking
leverages the semantic context established during
clustering. Clauses within the same cluster share
common entity patterns (extracted in Stage 1) and
functional themes (identified in Stage 2). The
linking process identifies how these semantically
related clauses interact: Do they impose obliga-
tions on different aspects of the same activity?
Do they specify different temporal phases of the
same process? Do they provide complementary
constraints? By analyzing entity overlap (shared
subjects, actions, objects) and cluster context
(common functional themes), the system infers
relationships such as COMPLEMENTS (working
together), SEQUENCE (temporal ordering), or
CONFLICTS (potential contradictions).

Inter-Cluster Linking Inter-cluster linking iden-
tifies dependencies across functional boundaries.
The most common pattern is definitional: a "Con-
fidential Information Definition" cluster provides
terms used by "Information Protection Obliga-
tions," "Access Control," and "Disposal Require-
ments" clusters. Other patterns include exception
relationships (an "Exceptions to Confidentiality"
cluster creates carve-outs to obligations in protec-
tion clusters) and sequential dependencies (a "Per-
mitted Disclosures" cluster enables actions that pre-
cede obligations in a "Disposal Requirements" clus-
ter). Inter-cluster analysis uses both entity-level
information (which clusters share defined terms)
and cluster-level themes (which functional cate-
gories naturally depend on one another) to infer
these cross-cutting relationships.

Conservative Approach Following the evidence-
based philosophy established in prior stages, our
linking methodology employs high confidence
thresholds and requires structured justification
for each inferred edge. Relationships must be
grounded in concrete entity patterns or clear clus-
ter context. This conservative approach prioritizes
precision over recall, ensuring meaningful, inter-
pretable relationships rather than speculative con-
nections.

Graph Visualizations Figures 5 and 6 show
complete clause graphs for two NDA documents.
Nodes represent individual clauses, organized spa-
tially by cluster assignments. Edges represent
typed relationships: solid lines indicate intra-
cluster relationships, while dashed lines indicate
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inter-cluster relationships. Edge colors correspond
to relationship types (legend shown in figures).
Node colors distinguish single-cluster clauses from
multi-cluster clauses.

Clause Graph Visualization - Document: doc_1

Figure 5: Clause graph for Document 1 showing 7 clus-
ters with 12 intra-cluster and 9 inter-cluster relation-
ships. The definitional cluster (Cluster 1) exhibits high
out-degree via DEFINES edges to operative clusters.
The exception cluster (Cluster 5) creates EXCEPTIONS
edges to obligation clusters. The graph structure reveals
the document’s logical organization: definitions estab-
lish scope, operative clauses impose obligations, and
exceptions create carve-outs.
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Figure 6: Clause graph for Document 2 showing 6 clus-
ters with 8 intra-cluster and 7 inter-cluster relationships.
This document exhibits a more balanced distribution of
relationship types, with COMPLEMENTS relationships
dominating within clusters and DEFINES relationships
dominating between clusters. The visualization illus-
trates how different documents exhibit different struc-
tural patterns while remaining analyzable through the
same framework.

B.3.4 Prompt Architecture

The linking process employs engineered prompts
that integrate entity-level features from Stage 1,

cluster-level context from Stage 2, and legal do-
main knowledge about relationship patterns.

Intra-Cluster Linking Prompt

You are a legal expert analyzing
relationships between ALL clauses
within a single thematic cluster.
Your task is to identify systematic
legal relationships using entity
patterns and cluster context.

CLUSTER CONTEXT: -
[name] - theme:

cluster_name:
[functional theme]
- entity_basis: [common subjects,
actions, objects, defined terms]
- reason: [why these clauses are
grouped]

RELATIONSHIP TYPES TO

- DEFINES: One clause defines
terms/concepts used in another -
COMPLEMENTS: Clauses work together
to govern the same legal aspect
- EXCEPTIONS: One creates an
exception to another’s general rule -
DEPENDS_ON: One requires another to
be triggered or applied - CONFLICTS:
Potential contradiction in legal
obligations/permissions - SEQUENCE:
Temporal or procedural ordering
relationship

CLAUSES IN THIS CLUSTER: [For each
clause: clause_id, clause_type,
clause_text (truncated), subject,
action, object, defined_terms]

ANALYSIS GUIDELINES: 1. Use
Cluster  Context: Theme  and
entity basis provide strong hints
about likely relationships 2.
Definition-Usage Patterns: Look for
definitional clauses whose terms
are used 1in operative clauses 3.
Complementary Actions: Different
actions on same objects that work
together 4. Exception Patterns:
Exception clauses that create
carve-outs to general rules 5.
Temporal/Procedural Sequences:
Based on temporal conditions or
procedural ordering 6. Dependency

DETECT:
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Relationships: Where one clause
enables or requires another

CONSERVATIVE  APPROACH: - Only
identify relationships with CLEAR
evidence from entity patterns
- Focus on relationships that
matter for 1legal interpretation
- Use high confidence (0.8+) for

obvious relationships, medium
(0.7+) for 1likely ones - Avoid
forcing relationships - return

empty array if no clear connections
exist - Each relationship must have
solid reasoning based on cluster
context and entities

OUTPUT FORMAT (JSON):

{
"cluster_relationships”: [
{
"source_clause_id": "clause_id_1",
"target_clause_id"”: "clause_id_2",

"relationship_type"”: "DEFINES|
COMPLEMENTS|EXCEPTIONS]|...",
"confidence”: 0.0-1.0,
"explanation”: "Clear explanation
based on entity patterns”,
"evidence"”: {
"entity_overlap”: "specific shared
entities/terms”,
"cluster_basis”: "how cluster
context supports this”,
"legal_significance”: "why this
matters for interpretation”
}
}

Inter-Cluster Linking Prompt

You are a legal expert analyzing
relationships between thematic
clusters in a contract document.
Your task is to identify meaningful
connections between clusters based
on their themes, entity patterns,
and legal functions.

CLUSTERS IN DOCUMENT: [For
each cluster: cluster_id,
cluster_name, theme, clause_types,
common_actions, common_objects,
shared_defined_terms]
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RELATIONSHIP TYPES TO DETECT:
- DEFINES: Definition  cluster
provides terms used by other
clusters - COMPLEMENTS: Clusters

work together to govern the same
legal domain - EXCEPTIONS: Exception
cluster creates carve-outs to rules
in other clusters - DEPENDS_ON: One
cluster’s effectiveness depends on
another cluster - SEQUENCE: Clusters
represent sequential steps in a
legal process

ANALYSIS GUIDELINES: 1.
Definition-Usage Patterns: -
Look for definitional <clusters
whose shared_defined_terms appear
in other clusters - These are
usually the strongest inter-cluster
relationships

2. Complementary Domains: -
Clusters addressing different
aspects of the same legal concern
- Example: "Information Protection”
+ "Access Control” both govern
confidentiality

3. Exception Relationships: -
Exception clusters that create
carve-outs to obligations in other
clusters -  Look for themes
about exceptions, exclusions, or
limitations

4. Procedural Dependencies: -
Clusters representing sequential
steps (e.g., "Disclosure” -
"Protection” =+ "Return"”) - Based
on temporal or procedural logic

CONSERVATIVE APPROACH: - Focus on
clear, natural relationships based
on cluster themes and entity overlap
- Higher confidence threshold for
cluster-level relationships (0.8+)
- Each relationship must have
clear legal justification - Avoid
speculative connections

OUTPUT FORMAT (JSON):

{
"inter_cluster_relationships”: [

{
"source_cluster_id": 1
"target_cluster_id": 3

’
’




"relationship_type"”: "DEFINES|
COMPLEMENTS |EXCEPTIONS]|...",
"confidence”: 0.0-1.0,
"explanation”: "Clear explanation
based on cluster themes”,
"evidence"”: {

"theme_connection”: "how cluster

themes relate”,
"entity_overlap”: "shared terms/

entities between clusters”,
"legal_significance”: "why this

relationship matters”

}
}
]
}

Design Rationale The prompt architecture inte-
grates entity-level features from Stage 1, cluster-
level context from Stage 2, and structured evidence
requirements that mandate explicit justification for
each relationship. This ensures claims trace back to
textual evidence while supporting interpretability
and error analysis.

B.3.5 Output Examples

Representative Linking Results The following
examples illustrate typical relationships inferred by
the clause linking system:

"source_clause_id": "evidence_1",
"target_clause_id": "evidence_7",
"relationship_type”: "COMPLEMENTS",
"confidence”: 0.8,
"explanation”: "Both clauses impose return
obligations for Confidential
Information but address different
scenarios: immediate return vs. request-
based return. Together they ensure
comprehensive coverage.”,
"evidence”: {
"entity_overlap”: "Shared:
Information', 'return', 'Party'”,
"cluster_basis”: "Both govern
information disposal at end of lifecycle

"

'Confidential

"legal_significance”: "Complementary
coverage of return obligations”
})
"detection_method”: "intra_cluster_batch”,
"link_context”: "intra_cluster”

"source_cluster_id": 1,

"target_cluster_id": 3,
"relationship_type”: "DEFINES",
"confidence”: 0.9,

"explanation”: "Cluster 1 defines
Confidential Information,' which is the
subject of protection obligations in
Cluster 3.",

"evidence": {

"theme_connection”: "Cluster 1 provides
foundational definition”,
"entity_overlap”: "Shared term:
Confidential Information'”,
"legal_significance”: "Protection
obligations depend on scope defined in
Cluster 1"

1

1

}7

"source_cluster_name”: "Confidential
Information Definition”,

"target_cluster_name”: "Information
Protection Obligations”

"source_cluster_id": 5,
"target_cluster_id": 3,
"relationship_type"”: "EXCEPTIONS",
"confidence”: 0.9,

"explanation”: "Cluster 5 outlines
exceptions to confidentiality
obligations, directly limiting
obligations in Cluster 3.",

"evidence": {

"theme_connection”: "Creates carve-outs
to protection obligations”,
"entity_overlap”: "Shared term:
Confidential Information'”,
"legal_significance”: "Limits scope of
protection obligations”

1

1

"source_cluster_name": "Exceptions to
Confidentiality”,

"target_cluster_name”: "Information
Protection Obligations”

The resulting graphs model inter-clause interac-
tions across the document.

C Case Generation for Compliance
Evaluation

The clause graphs constructed in Section B pro-
vide structured representations of inter-clause rela-
tionships across entire contracts. However, not all
clause combinations pose equal interpretive chal-
lenges for automated compliance systems. Random
sampling of clause combinations is unlikely to sys-
tematically expose the edge cases that challenge
legal reasoning capabilities.
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Our case generation pipeline consists of three
stages: (1) pattern-based clause sampling identi-
fies structurally complex clause combinations from
the graphs (Section C.1), (2) adversarial scenario
generation transforms these clause combinations
into realistic compliance scenarios with controlled
ambiguity (Section C.2), and (3) LLM-based vali-
dation filters scenarios to ensure label correctness
and clause governance (Section C.3). This multi-
stage approach ensures that the generated evalua-
tion data systematically targets known sources of
legal reasoning difficulty.

C.1 Pattern-Based Clause Combination
Sampling

C.1.1 Motivation

Legal complexity does not arise uniformly across
contracts. Specific structural patterns in contrac-
tual language—cascading definitions, overlapping
temporal obligations, nested exceptions—create in-
terpretive ambiguity that challenges both human
and machine reasoning. Rather than sampling
clauses randomly, we leverage the graph structure
and entity attributes from Stages 1-3 to system-
atically identify clause combinations exhibiting
known complexity patterns.

C.1.2 Complexity Pattern Taxonomy

Building on legal compliance literature that identi-
fies temporal obligations (Governatori, 2010; Gior-
dano et al., 2013) as sources of interpretive dif-
ficulty, and motivated by challenges observed in
ContractNLI (Koreeda and Manning, 2021)—in-
cluding negation by exception and definitional ref-
erences—we define eight structural patterns where
legal ambiguity arises. These patterns challenge
automated systems because they require: (1) multi-
hop reasoning across distant clause boundaries, (2)
disambiguation of vague terms in context, and (3)
reconciliation of potentially conflicting obligations.

* Definitional Chains: Cascading definitions
where Term A defines B defines C, creating prop-
agating ambiguity through dependency chains

* Temporal Conflicts: Overlapping temporal
obligations with unclear precedence, creating
scheduling or deadline interpretation challenges

* Scope Boundary Disputes: Overlapping permis-
sion and restriction domains where boundaries
between allowed and prohibited actions are un-
clear

Pattern Type Distribution - ACE Dataset

4

8 Patterns

Figure 7: Distribution of scenario pattern types in the
ACE Dataset.

* Cascading Dependencies: Chain of dependent
obligations where failure at any point affects
downstream obligations

* Semantic Ambiguity Clusters: Multiple clauses
relying on the same vague terms without shared
interpretation standards

* Exception-Condition Webs: Multiple condi-
tions or exceptions creating complex interaction
between general rules and carve-outs

* Authority Conflicts: Different actors granted
authority over overlapping decision domains

e Multi-Condition Precedence: Single clause
with multiple conditional elements lacking clear
evaluation order

Figure 7 shows the distribution of these pattern
types in the ACE dataset.

C.1.3 Pattern Detection and Scoring

For each pattern type, detection operates on graph
structures and entity attributes:

¢ Definitional Chains: Traverse  DE-
FINES edges to identify chains where
contains_defined_terms in clause ¢ matches
defined_termin clause i — 1

e Temporal Conflicts: Match  clauses
with overlapping temporal keywords in
Temporal_Condition or conflicting numeric
deadlines

* Scope Boundary Disputes: Identify permis-
sion/prohibition pairs with Jaccard similarity
> 0.7 on Object and Subject entities

¢ Cascading Dependencies: Find DEPENDS_ON
chains of length > 3 across graph edges
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* Semantic Ambiguity: Group clauses sharing
vague terms from curated list (e.g., "reasonable,"
"material")

* Exception-Condition Webs: Detect EXCEP-
TIONS edges with multiple conditions via
complexity_analysis field

* Authority Conflicts: Match authority keywords
with overlapping scope

¢ Multi-Condition Precedence: Extract clauses
where |split_clauses| > 4, excluding defini-
tional types

Example Patterns. Table 10 illustrates two repre-
sentative patterns detected by the sampling process.

Pattern Detected Instance

Type

Multi- Clause: "Party shall return all Confidential

Condition Information... except that portion found in

Prece- analyses... and Representatives shall not retain

dence copies except Party may retain one copy as

(Score: needed to comply with applicable law..."

10.3) Justification: 5 conditional elements with un-
clear precedence (return obligation, analysis
exception, no-retention rule, legal compliance
exception).

Semantic  Vague term: "including"

Ambi- 3 clauses span: (1) Return obligations "includ-

guity ing copies converted to computerized media”,

Cluster (2) Definition "including but not limited to:

(Score: source code, technical design...", (3) Scope

9.7) "including but not limited to:"

Justification: Non-exhaustive list marker cre-
ates interpretive ambiguity across obligation,
definition, and scope clauses.

Table 10: Representative complexity patterns detected
by the sampling process.

Enhanced Complexity Scoring. Beyond rule-
based pattern detection, we incorporate graph-
theoretic metrics—relationship type entropy, cross-
cluster edge density, and network density—to quan-
tify structural complexity (Newman, 2010).

Scoreenh = (Scorepase + we H

2
+weDeross + wanet) * Pconf

where  Scorepyse is the rule-based pat-
tern score, H is relationship type entropy
(H = —ZT Dy logy Dr), Deross 18 cross-cluster

edge density, Dy is network density, and ¢conf
is average extraction confidence from Stage 1.
Weights (we = 0.5, w, = 2.0, wg = 1.5), pattern

detection thresholds (Jaccard similarity 0.7),
and confidence filtering (0.7) are empirically
determined. Cross-cluster patterns receive bonuses
(+3 to +4) as they indicate system-wide complexity.
The sampling process outputs ranked clause
combinations with their complexity scores, clause
texts, and justifications, which serve as input to
scenario generation (Section C.2).

C.2 Adversarial Scenario Generation

C.2.1 Design Rationale: Avoiding Synthetic
Distribution Shift

Prior work on contextual integrity-based synthetic
data generation exhibits a systematic performance
gap between synthetic and real evaluation cases. Li
et al. (2025a) report that models achieve 92.64% av-
erage accuracy on synthetic HIPAA cases but only
80.29% on real court cases—a 12% gap indicating
that synthetic scenarios contain detectable distribu-
tional artifacts that inflate model performance.
Manual analysis reveals two primary sources of
these artifacts in existing synthetic datasets: (1)
explicit feature enumeration, where narratives
directly state CI characteristics (“the covered entity
sends protected health information to the patient for
treatment”), and (2) compliance-indicative tonal-
ity, where legal compliance is signaled through
procedural language rather than neutral narrative
description. Table 11 contrasts a representative
synthetic case from Fan et al. (2024) with a real
HIPAA court case, illustrating these artifacts.

Source

GoldCoin Synthetic

Case Narrative Excerpt

“Jane ... visited ... physician, Dr.
Smith ... During the appointment, Dr.
Smith discovered abnormalities in her
blood test results and sent the results
to Dr. Adams, for specialist diagnostic
assessment and treatment planning.”’

Real HIPAA Case “In Chester County, an 88-year-old
woman, A.M., found herself at the cen-
ter of a complex legal situation. The
county’s Department ... received a con-
fidential report ... Bernard ... under-
stood the gravity ... His role was to
gather information ... to determine if
protective services were necessary ...

Table 11: Comparison of synthetic and real case nar-
ratives. The synthetic case explicitly states purpose
(“treatment planning”) and uses procedural framing,
while the real case presents a neutral narrative requiring
inference about legal obligations.

To address this distribution shift, our sce-
nario generation methodology employs adversarial
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prompting strategies designed to create scenarios
that are fechnically compliant or non-compliant
while appearing otherwise to surface-level anal-
ysis. This approach forces evaluation systems to
perform multi-hop legal reasoning rather than pat-
tern matching on synthetic artifacts.

C.2.2 Scenario Generation Strategy

Our pipeline generates three scenario types:

Compliant with Distractor. Scenarios where
actions strictly satisfy regulatory requirements
but are masked by misleading contextual details
(e.g., informal communication channels, minimal-
ist compliance approaches, or letter-versus-spirit
conflicts).

Violation with Plausible Defense. Scenarios
containing clear regulatory breaches masked by su-
perficially reasonable business justifications (e.g.,
good-faith intent, scope misapplication, or de min-
imis reasoning).

Non-Applicable via Cross-Matching. For non-
applicable scenarios, we employ within-document
cross-matching rather than random negatives. For
each document, we identify all clause combination
patterns from Stage 1. We then pair clause combi-
nation C; with scenarios originally generated for
non-overlapping combination C; from the same
document, where C; N C; = (). This ensures non-
applicable scenarios remain privacy-relevant while
being governed by different regulatory provisions,
avoiding trivial negatives.

C.2.3 Generation Prompts

The following prompts implement our adversar-
ial generation strategy for compliant and violation
scenarios.

You are a specialist in Adversarial
Testing for Legal AI. Your mission
is to design a scenario that is
technically compliant but appears
questionable at first glance.

MISSION DIRECTIVE:

1. Construct a "Technical
Compliance” Scenario: The party’s
actions must strictly adhere to the
letter of the clauses.

2. Introduce a "Plausible
Distractor”: Weave a misleading
fact or seemingly unprofessional
action that makes the party’s
actions appear non-compliant to
superficial analysis.

3. Create a Path to Correct
Reasoning: The scenario must
contain all necessary facts for
a sophisticated AI to logically
conclude compliance by connecting
actions to specific clause
language.

EXAMPLE TECHNIQUES FOR DISTRACTOR:

Informal Communication: Fulfill

formal requirements through
unconventional channels (e.g.,
deleted chat message)

"Letter vs. Spirit"” Conflict:

Meet exact wording but seem to
violate intuitive policy intent

Minimalist Action: Do absolute
bare minimum required, appearing
negligent but technically
sufficient

REQUIRED JSON OUTPUT:

{
"compliance_label”: "Compliant”,
"scenario”: "Detailed narrative with

technical compliance
masked by plausible
distractor...”,
"question”: "Did [Party] act in
compliance when...",
"distractor_element”: "Description of
misleading fact...”,
"path_to_correct_reasoning”: "Legal
analysis explaining
how to
overcome distractor...”

Compliant Scenario Generation Prompt

Violation Scenario Generation Prompt

You are a specialist in Adversarial
Testing for Legal AI. Your mission
is to design a scenario that
contains a clear violation masked
by a superficially reasonable
justification.
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MISSION DIRECTIVE:

1. Construct a  "Deceptive
Violation" Scenario: The party’s
actions must represent a definitive
breach of the clauses.

2. Introduce a "Plausible Defense":
Create a compelling but ultimately
invalid justification. The party
should act in ways that seem
reasonable but technically violate
the agreement.

3. Create a Path to Correct
Reasoning: The scenario must
contain facts needed to logically
invalidate the plausible defense by
correctly applying clause language.

EXAMPLE TECHNIQUES FOR PLAUSIBLE
DEFENSE:

- "Good Intentions” Breach: Violate
clause (e.g., confidentiality) with
stated goal of helping, but without
proper authorization

Misinterpreted Scope: Apply
permission from one clause to
situation governed by different,
more restrictive clause

De Minimis Violation: Minor
financial breach but clear
violation of strict procedural
rule

REQUIRED JSON OUTPUT:
{

"compliance_label”: "Non-Compliant”,
"scenario”: "Detailed narrative where
action seems reasonable
but constitutes clear
breach...”,
"question”: "Did [Party] breach
obligations when...",
"plausible_defense”: "Seemingly
reasonable justification...”,
"path_to_correct_reasoning”: "Legal
analysis explaining
why
defense fails..."

C.3 LLM Based Validation
C.3.1 Why Validation is Critical

Generated cases must accurately reflect legal re-
quirements from source documents. Traditional
metrics like BLEU and ROUGE are inadequate

for assessing legal accuracy (Badshah and Saj-
jad, 2024). Manual validation at scale is resource-
prohibitive. We require a scalable yet reliable vali-
dation approach.

C.3.2 LLM-as-Judge Approach

Why use LLM-based validation: LLMs have
demonstrated strong correlation with human judg-
ment in evaluation tasks (Verga et al., 2024; Bad-
shah and Sajjad, 2024), offering a scalable alterna-
tive while maintaining reliability.

Critical challenge: Research shows that LLMs
exhibit self-preference bias, rating their own out-
puts higher than others’ even when humans judge
them as equal quality (Panickssery et al., 2024).
This bias poses a significant threat to validation
objectivity.

Our mitigation strategy: We employ Claude
Sonnet 4 as the validator, distinct from our gen-
eration models (GPT-40). Using evaluators from
different model families has been shown to reduce
intra-model bias (Verga et al., 2024), providing
more independent judgment.

C.3.3 Reference-Guided Evaluation

We adopt a reference-guided validation approach
where the validator receives: (1) the generated case
scenario, (2) the original regulation excerpt (gov-
erning clauses) serving as ground truth, (3) the
claimed compliance label, and (4) the provided
reasoning. This approach is critical because ref-
erence answers have been shown to reduce self-
enhancement bias, enabling models to objectively
judge outputs even from their own model fam-
ily (Badshah and Sajjad, 2024).

Rather than asking “is this case good?” our vali-
dation framework asks two specific questions: “‘is
this scenario meaningfully governed by the pro-
vided clauses?” and “is the compliance label
correct given the clauses?”—fundamental require-
ments in the legal domain where fidelity to source
material is paramount.

C.3.4 Validation Dimensions

Our validation framework evaluates two dimen-
sions, each addressing a distinct quality require-
ment:

1. Clause Governance: Determines whether the
central legal conflict in the scenario is directly
and meaningfully governed by the provided
regulatory clauses. A scenario passes this
check if the legal question at its core can only
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be answered by applying the specific rules
in these clauses, rather than being tangen-
tially related or describing general business
issues. This is scored via a binary decision
(is_governed_by_clauses) and a relevance
score (0-1 scale).

2. Label Correctness: Independently verifies
whether the assigned compliance label accu-
rately reflects the application of governing
clauses to the scenario facts. The valida-
tor forms its own legal conclusion and crit-
ically evaluates the provided reasoning to de-
termine if it constitutes a logically sound ar-
gument. This is scored via a binary decision
(is_label_correct) and a confidence score
(0-1 scale).

Each dimension produces a binary decision with
accompanying justification and a continuous score
reflecting the evaluator’s confidence/relevance as-
sessment. The justifications provide interpretability
for downstream improvements and create an audit
trail for legal review.

Cases must satisfy both validation checks to be
accepted: (1) clause governance with relevance
score > 0.7, and (2) label correctness with con-
fidence score > 0.8. Cases failing either check
are rejected. Cases passing both checks but with
scores below the thresholds are flagged for manual
review, enabling quality control while maintaining
efficiency.

The following prompt implement our LLM
based scenario validation.

LLM Based Validation Prompt

You are a meticulous and impartial
legal adjudicator. Your task is
to «critically evaluate a legal
scenario against a set of governing
clauses. Analyze the provided
information and return a strict JSON
object with your findings.

//- CASE FILE -//

1. GOVERNING CLAUSES (The Ground
Truth):
[Evidence texts in JSON format]

2. SCENARIO TEXT:
[Generated scenario text]

3. CLAIMED COMPLIANCE LABEL (The

Claim):
[Compliance label]

4. PROVIDED REASONING (The Argument
to Test):
[Path to correct reasoning]

//- ADJUDICATION DIRECTIVE -//

Follow these two steps in your
analysis:

Step 1: Assess Clause Governance
Determine if the central conflict
described in the SCENARIO TEXT is
directly and meaningfully governed
by the GOVERNING CLAUSES.

A scenario IS GOVERNED if the
legal question at its heart can only
be answered by applying the specific
rules in these clauses.

A scenario IS NOT GOVERNED if
the clauses are only tangentially
related or if the scenario describes
a general business issue that
doesn’t hinge on these specific
rules.

Step 2: Assess Label Correctness
Independently determine if the
CLAIMED COMPLIANCE LABEL is
correct.

First, form your own conclusion
by applying the GOVERNING CLAUSES
to the SCENARIO TEXT.

Then, evaluate the PROVIDED
REASONING. Is it a logically sound
argument that correctly applies the
clauses to the facts to justify
the CLAIMED COMPLIANCE LABEL? Your
final decision on label correctness
must be based on this critical
evaluation.

//- REQUIRED JSON OUTPUT -//

Based on your analysis, provide
your judgment in the following JSON
format. Do not add any text outside
of the JSON object.

{

"clause_governance_check”: {
"is_governed_by_clauses”: true,
"justification”: "The scenario's core
issue regarding

notification
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timelines is directly

addressed by clause
7.2¢a).",
"relevance_score”: 0.9

}!

"label_correctness_check”: {
"is_label_correct”: false,
"justification”: "The label is
incorrect. The scenario

states the party
acted on the 5th

business day, but
clause 3.1 specifies

'five calendar days'
, making their

action non-compliant

"confidence_score”: 1.0
3
}

C4

Each instance of validated reasoning label pairs
is formatted in an instruction-following conversa-
tional format, containing a system prompt that de-
fines the model’s analytical role and an assistant
response structured as:

Model Training

<reasoning> step-by-step justification
</reasoning>
<final_solution> Compliant / Non-Compliant /

Not-Applicable </final_solution>

C.4.1 Training Configuration
To make training efficient while maintaining fi-
delity to the teacher’s reasoning process, we adopt
LoRA (Low-Rank Adaptation) for parameter-
efficient fine-tuning, updating only selected pro-
jection layers.

The models were trained using the following
setup:

* LoRA configuration:
— Rank (r)=16
— Scaling factor (o)) = 32
— Dropout = 0.05

— Target modules = [g_proj,
v_proj, o_projl

k_proj,

* Training settings:

— Maximum sequence length = 8,192

— Per-device batch size = 1 (for both train-
ing and evaluation)

— Gradient accumulation steps = 1
— Number of epochs =3

— Learning rate = 1 x 10~*
— Weight decay = 0.01
— Warmup ratio = 0.1

D Compliance Evaluation Task

To establish a baseline for performance, all models
were evaluated in a zero-shot setting using a stan-
dardized prompt format. This prompt is designed to
be domain-agnostic, providing the model with the
necessary legal context (regulatory provisions) and
a factual scenario, then requesting classification.
This approach ensures a fair comparison across
different models and datasets (ACE, EU Al Act,
HIPAA).

Compliance Evaluation Prompt

You are a legal expert analyzing

regulatory compliance cases. Given
a case scenario and relevant
regulatory provisions, determine
whether the scenario represents
a VIOLATION, COMPLIANT, or NOT
APPLICABLE wunder the applicable
regulations.

Definitions:

-VIOLATION: The <case scenario
describes actions that are

non-compliant with or explicitly

forbidden by the provided
regulations.
-COMPLIANT: The case scenario

describes actions that adhere to
or are explicitly allowed by the
provided regulations.

*NOT APPLICABLE: The case scenario
describes actions that are
not clearly addressed by the
provided regulations, or where the
regulations are ambiguous or do not

apply.

Regulatory Provisions:
{relevant_articles}

Case Scenario:
{case_content}

Instructions:

You MUST end your response with
EXACTLY one of these formats:

- FINAL_ANSWER: A (for VIOLATION)
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- FINAL_ANSWER: B (for COMPLIANT)
- FINAL_ANSWER: C (for  NOT
APPLICABLE)

E Case Study on Model Performance

This section presents representative cases from the
EU AI Act dataset where the base model fails while
our fine-tuned model (Qwen2.5-3B Instruct) cor-
rectly identifies compliance status, demonstrating
the effectiveness of ACE training. For brevity, we
omit the referenced articles for these scenarios. We
include the reasoning traces from both models to
illustrate how fine-tuning improves legal reasoning
capabilities.

E.1 Example 1: Non-Compliant Case

Case Scenario (Non-Compliant)

Scenario:

The Al system, named ’SafeGuard Al’, is
developed by a product manufacturer spe-
cializing in personal protective equipment,
cableway installations, machinery, toys, and
radio equipment. SafeGuard Al is designed
to enhance the safety and efficiency of ma-
chinery operations by monitoring and an-
alyzing real-time data from various equip-
ment. It uses advanced algorithms to predict
potential malfunctions and provide main-
tenance alerts. The system collects data
from machinery sensors, including opera-
tional status, location, and usage patterns.
SafeGuard Al is integrated into a network
of cableway installations and radio equip-
ment to ensure seamless communication and
data transmission. The Al system also in-
terfaces with personal protective equipment
to monitor the safety conditions of work-
ers in real-time. However, the integration
of SafeGuard Al raises concerns about the
privacy and security of the data collected,
especially regarding the personal informa-
tion of workers using the equipment. The
system’s ability to track and analyze individ-
ual usage patterns and locations necessitates
a careful examination of data protection and
consent requirements.

Ground Truth: NON-COMPLIANT
Fine-tuned Model: NON-COMPLIANT

‘ Base Model: COMPLIANT I

Base Model Prediction:

Base Model Reasoning:

The scenario describes the development and
deployment of an Al system, SafeGuard Al,
which is designed to enhance the safety and
efficiency of machinery operations. Accord-
ing to the EU Artificial Intelligence Act,
the regulation applies to providers and de-
ployers of Al systems that have their place
of establishment or are located within the
Union, or where the output produced by the
Al system is used in the Union (Sections 1.a
through 1.c). Since the Al system is inte-
grated into machinery and equipment used
in the Union, it falls under the scope of the
regulation.

[Critical Error:] However, the specific ac-
tions described in the scenario, such as
the development, deployment, and integra-
tion of the Al system, are not explicitly pro-
hibited or permitted by the regulation. In-
stead, the regulation sets out requirements
for providers and deployers of Al systems,
particularly regarding transparency, docu-
mentation, and risk management for high-
risk Al systems. The scenario does not indi-
cate that these actions are explicitly prohib-
ited, but rather that they must comply with
the applicable provisions of the regulation.
[Incorrect Conclusion: | Therefore, the ac-
tions described in the scenario are PERMIT-
TED under the EU Artificial Intelligence Act,
provided that they comply with the relevant
requirements set forth in the regulation.

Key Error: The base model fails to recog-
nize that the scenario describes concerns
about privacy and data protection viola-
tions when collecting personal information
from workers without proper consent mech-
anisms, which constitutes non-compliance
with data protection requirements refer-
enced in Section 7 of the regulation.
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Fine-tuned Model Prediction:

Fine-tuned Model Reasoning (Excerpt):
First, I need to analyze the case scenario
against the regulatory provisions provided.
The scenario describes an Al system called
"SafeGuard AI" developed by a product
manufacturer. This system is integrated
into machinery, cableway installations, radio
equipment, and personal protective equip-
ment. It monitors and analyzes real-time
data to predict malfunctions and provide
maintenance alerts. Importantly, it col-
lects data from machinery sensors and
personal protective equipment, including
operational status, location, and usage
patterns. There are concerns about pri-
vacy and security, particularly regarding
the personal information of workers.

[...] Looking at the regulatory provisions,
Section 7 is crucial because it ties data
protection to the regulation. Since the sce-
nario involves processing personal data,
and the regulation explicitly references
data protection laws, this should be cov-
ered. The scenario highlights issues with
data collection and privacy, which are ad-
dressed by Section 7. Therefore, since the
regulation requires adherence to data protec-
tion laws, and there are concerns about pri-
vacy, it suggests that the action—collecting
and processing personal data—is subject to
the regulation.

The scenario describes an action (data col-
lection and processing) that is subject to
the regulation via data protection laws,
and there are privacy concerns, indicat-
ing non-compliance. Therefore, the label
should be Non-Compliant.

SecureGuard is capable of processing large
volumes of data to identify potential secu-
rity threats and assist in strategic decision-
making. The system is not used for any com-
mercial purposes and is strictly regulated to
ensure compliance with international secu-
rity protocols. Despite its military focus, Se-
cureGuard’s deployment involves the trans-
mission of sensitive personal data, raising
concerns about privacy and data protection.
The system operates without direct interac-
tion with individuals, and its data processing
activities are conducted under the oversight
of international organizations.

Ground Truth: COMPLIANT
Fine-tuned Model: COMPLIANT
Base Model: NON-COMPLIANT

E.2 Example 2: Compliant Case

Scenario:

The Al system, named ’SecureGuard’, is
a sophisticated Al tool developed by a
European-based distributor. It is designed
for military purposes and is exclusively used
by public authorities in third countries for
law enforcement and judicial cooperation.

Case Scenario (Compliant)
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Base Model Prediction:

Base Model Reasoning:

The scenario describes an Al system, Se-
cureGuard, that is designed for military pur-
poses and is exclusively used by public au-
thorities in third countries for law enforce-
ment and judicial cooperation. According
to the EU Artificial Intelligence Act, Article
2, Section 4, this Regulation does not apply
to public authorities in a third country or to
international organisations falling within the
scope of this Regulation, where those au-
thorities or organisations use Al systems in
the framework of international cooperation
or agreements for law enforcement and judi-
cial cooperation with the Union or with one
or more Member States, provided that such
a third country or international organisation
provides adequate safeguards with respect
to the protection of fundamental rights and
freedoms of individuals.

[Critical Error:] However, the scenario also
mentions that SecureGuard processes sen-
sitive personal data, which raises concerns
about privacy and data protection. While
the regulation does not apply to the use of
the Al system itself, it does not exempt the
system from compliance with other appli-
cable Union laws, such as those related to




the protection of personal data and privacy.
Therefore, the processing of sensitive per-
sonal data by SecureGuard would need to
comply with the General Data Protection
Regulation (GDPR) and other relevant data
protection laws, even though the Al system
itself is not subject to the specific provisions
of the EU Artificial Intelligence Act.
[Incorrect Conclusion:] Given that the sce-
nario describes actions that are explicitly
forbidden/non-compliant under the GDPR
and other data protection laws, the action
represented by the scenario is PROHIBITED
under the applicable regulations.

Key Error: The base model incorrectly con-
flates the EU AI Act with GDPR require-
ments and fails to recognize that Section 3
explicitly excludes Al systems used exclu-
sively for military, defense, or national se-
curity purposes from the regulation’s scope,
making the system compliant with the Al
Act regardless of separate data protection
concerns.

cluded from the regulation under Section
3. The primary exclusion is in Section 3,
which explicitly allows the use for national
security purposes.

The scenario mentions "raising concerns
about privacy and data protection," but the
regulation itself doesn’t require compli-
ance for these purposes when the use is
for national security. The regulation is
silent on data protection for such systems,
as per Section 3. Therefore, SecureGuard’s
deployment is compliant with the regulation
because it falls under the exclusion.

Fine-tuned Model Prediction:

Fine-tuned Model Reasoning (Excerpt):
Looking at the regulatory provisions, Sec-
tion 3 is very relevant: ''This Regulation
does not apply to areas outside the scope
of Union law, and shall not affect the com-
petences of the Member States concern-
ing national security... This Regulation
does not apply to Al systems where and
in so far they are placed on the market,
put into service, or used with or without
modification exclusively for military, de-
fence or national security purposes..."

In the scenario:

* SecureGuard is used by public authori-
ties in third countries for law enforce-
ment and judicial cooperation, which
fall under national security.

* It is not placed on the market or put
into service in the EU; it’s used in third
countries.

* The data processing is done under in-
ternational organization oversight.

Therefore, SecureGuard should be ex-
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