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Abstract

This report introduces ARCCS, a multi-
agent system for regulation-level compli-
ance assessment. The architecture consists
of two coordinated modules, the Regulatory
Processing and Extraction Module (RPEM)
and the Compliance Classification Module
(CCM), which jointly support the struc-
tured analysis of regulatory texts and pro-
posal documents. The system produces in-
terpretable compliance outputs in the form
of regulation-level labels, associated confi-
dence scores, and structured explanations
that justify each assessment. ARCCS is de-
signed to provide a scalable and transparent
framework for automated compliance analy-
sis across complex regulatory and technical
domains. To facilitate practical use, we also
provide a lightweight web demo that en-
ables non-technical users to run end-to-end
compliance checks via a simple three-step
workflow1.

1 Introduction

Regulatory compliance checking is a critical yet
resource-intensive process in domains where
technical, contractual, and policy-oriented doc-
uments must be continuously evaluated against
complex and evolving legal frameworks. The
unstructured nature of both regulatory texts
and operational documents, combined with
the need for fine-grained, explainable decisions,
poses significant challenges for scalable automa-
tion. Traditional compliance workflows rely
heavily on manual legal review, which limits
reproducibility, transparency, and adaptability
in large-scale or dynamic regulatory environ-
ments.

In this technical report, we present ARCCS
(Automated Regulatory Compliance Checking

1All source code and datasets used in this work are
publicly available at: https://github.com/geofila/
ARCCS.

System), a multi-agent pipeline for regulation-
based compliance assessment. As illustrated in
Figure 1, ARCCS is designed as a coordinated
system that transforms unstructured legal and
proposal documents into structured representa-
tions and performs regulation-level compliance
classification.
The architecture consists of two primary

modules: the RPEM (Regulatory Processing
and Extraction Module) and the CCM
(Compliance Classification Module). The
RPEM is responsible for hierarchically seg-
menting legal texts into articles, paragraphs,
and sub-paragraphs, and for extracting atomic
regulatory requirements from each regulatory
chunk. This module identifies the legal func-
tion, applicable actor, and associated con-
ditions of each provision, and subsequently
applies filtering and deduplication strategies
to remove semantically overlapping or non-
actionable constraints, yielding a refined and
operational set of regulatory requirements.

In parallel, the CCM processes the terms-of-
use or proposal document to extract its prin-
cipal topics and operational claims. Based on
this semantic representation, the module per-
forms relevance-based matching between pro-
posal content and the structured regulatory
requirements produced by the RPEM. This
coordination ensures that only contextually ap-
plicable regulations are forwarded to the com-
pliance reasoning stage.
For each matched regulation–proposal pair,

ARCCS employs a retrieval-augmented compli-
ance mechanism that incorporates the most rel-
evant proposal segments into a context-aware
decision process. Each regulatory requirement
is assigned one of four compliance labels: Com-
pliant, Non-Compliant, Insufficient Informa-
tion, or Human Required. These labels collec-
tively capture clear cases of regulatory satis-

https://github.com/geofila/ARCCS
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faction or violation, as well as situations char-
acterized by missing, ambiguous, or context-
dependent information that prevent a fully au-
tomated and reliable compliance determination,
thereby supporting both automated assessment
and human expert review when necessary.

Overall, ARCCS operationalizes regulatory
compliance checking as a unified and modular
framework that integrates structured legal rep-
resentation, semantic alignment, and human-in-
the-loop decision support within a transparent
and explainable technical architecture.

2 Related Work

Recent advances in LLMs have enabled a new
class of approaches for supporting regulatory
and legal compliance tasks. Prior work has
demonstrated that transformer-based architec-
tures can be applied to classify regulatory pro-
visions and assist in automated compliance
assessment across domains such as data protec-
tion and technical standards, yielding substan-
tial reductions in manual review effort. Com-
plementary systems integrate multiple founda-
tion models into domain-specific software en-
vironments to semi-automate the verification
of technical artifacts, such as architectural or
engineering designs, against formal regulatory
constraints, reporting improvements in both
throughput and violation detection accuracy.

A growing line of research adopts hybrid and
retrieval-augmented paradigms that combine
symbolic or structured representations of reg-
ulations with LLM-based semantic retrieval
and reasoning. In these approaches, regula-
tory texts are transformed into intermediate
abstractions, such as rule sets, graphs, or exe-
cutable representations, which are then aligned
with candidate documents or operational de-
scriptions. This design improves grounding and
interpretability while preserving the flexibility
of neural language models. Related work has
further explored the translation of regulatory
clauses into programmatic or semi-formal spec-
ifications to enable automated or tool-assisted
compliance checking, particularly in financial
and technical regulatory settings.

In parallel, substantial progress has been
made in the automated analysis of privacy poli-
cies. LLM-based frameworks have been shown
to achieve strong performance in categorizing

policy segments into data practice and user
rights taxonomies, as well as in aligning policy
text with legal requirements derived from regu-
lations such as the GDPR and U.S. state-level
privacy laws. These systems consistently out-
perform earlier rule-based and keyword-driven
baselines, demonstrating the effectiveness of
semantic modeling for clause detection and
regulatory mapping. A related research direc-
tion addresses policy completeness, focusing
on whether mandatory regulatory obligations
are sufficiently specified in a given document.
Empirical studies indicate that a large fraction
of real-world policies omit critical legal require-
ments, motivating the development of semantic
and model-driven methods for detecting under-
specified or missing obligations.

2.1 Datasets and Benchmarks

The development of compliance-oriented mod-
els has been supported by the release
of regulation-aware datasets and multi-task
benchmarks targeting legal and privacy lan-
guage understanding. Large-scale corpora of
expert-annotated privacy policies have been
introduced, where policy segments are labeled
according to their correspondence with spe-
cific regulatory disclosure requirements. These
datasets enable fine-grained evaluation of regu-
latory alignment and support scalable compli-
ance auditing.

More comprehensive benchmark suites unify
multiple legal and privacy tasks, including doc-
ument classification, sentence- and token-level
information extraction, and question answer-
ing over regulatory and policy texts. Results
on these benchmarks consistently show that
domain-adapted models outperform general-
purpose language models, highlighting the lin-
guistic and semantic specificity of regulatory
discourse. In the broader legal NLP domain,
standardized benchmarks cover tasks such as
judicial decision classification and contract fair-
ness assessment, while complementary datasets
focus on technical regulations, annotating regu-
latory sentences with entities and relational
structures to facilitate rule extraction and
machine-interpretable compliance representa-
tions. Process-oriented datasets derived from
real-world, regulation-driven workflows further
support the study of compliance from an oper-
ational and auditing perspective.



Despite these advances, existing datasets
and methods primarily target isolated sub-
tasks, such as clause classification, regulatory
retrieval, information extraction, or complete-
ness checking, and are typically grounded in
domain-specific regulatory schemas or task-
specific supervision. As a result, they do not
directly support the evaluation of compliance
as an end-to-end process that begins with un-
structured regulatory text and concludes with
structured, regulation-level compliance judg-
ments over heterogeneous proposal or terms-of-
use documents.

In contrast, the framework introduced in this
work, ARCCS, is designed as a general-purpose,
modular, and end-to-end LLM-based system
that operationalizes regulatory compliance as
a unified pipeline. ARCCS integrates hierarchi-
cal regulatory extraction, semantic alignment,
and retrieval-augmented compliance classifi-
cation to produce traceable, regulation-level
compliance decisions with explicit confidence
estimates and structured justifications. This
design addresses a gap in the current litera-
ture by enabling domain-agnostic compliance
assessment across arbitrary regulatory texts
and corresponding policy or access documents
within a single, coherent evaluation framework.

3 System Overview

This section provides a high-level overview of
the ARCCS architecture. As illustrated in Fig-
ure 1, the system takes as input a regulatory
document and a terms-of-use or proposal doc-
ument, and produces a regulation-level com-
pliance report with structured justifications
and uncertainty-aware labels. The following
sections describe the internal design and imple-
mentation of the Regulatory Processing and
Extraction Module (RPEM) and the Compli-
ance Classification Module (CCM).

3.1 Regulatory Processing and
Extraction Module (RPEM)

The Regulatory Processing and Extraction
Module (RPEM) is responsible for transform-
ing raw regulatory text into a structured, re-
fined, and machine-interpretable representation
of regulatory requirements. This module con-
stitutes the first stage of the ARCCS pipeline
and serves as the primary source of regulatory

constraints for downstream compliance assess-
ment.
Formally, given a regulatory text D seg-

mented into chunks C = {c1, . . . , cm}, the
RPEM computes an extraction mapping

ϕ : C → R,

where R = {r1, . . . , rn} is the set of structured
regulatory requirement objects.
The RPEM operates on regulatory docu-

ments that have been preprocessed into a nor-
malized textual format. The module performs
hierarchical segmentation of the regulation by
decomposing the text into legally meaningful
units, including articles, paragraphs, and sub-
paragraphs. Each resulting regulatory chunk
is treated as an atomic unit of analysis and
is associated with structural metadata, such
as its article identifier and positional context
within the regulation. This design preserves
local legal context while enabling fine-grained
downstream processing.
For each regulatory chunk, the RPEM ap-

plies a structured extraction procedure to iden-
tify candidate regulatory requirements. This
process determines the legal function of the
provision (e.g., obligation, right, prohibition,
or condition), the applicable legal actor, and
any associated constraints or qualifiers. The
extracted information is stored in a struc-
tured representation that links each require-
ment to its source text and structural metadata,
thereby supporting traceability and explainabil-
ity in subsequent compliance decisions.

Regulation Filtering and Deduplication
Not all regulatory chunks yield actionable com-
pliance constraints. The RPEM therefore ap-
plies a filtering stage to remove provisions that
are primarily definitional, descriptive, or con-
textual in nature and do not impose enforceable
obligations or rights. This step reduces noise
in the regulatory representation and ensures
that downstream components operate on a set
of operationally relevant requirements.

Regulatory texts frequently contain overlap-
ping or semantically equivalent provisions ex-
pressed across multiple sections or through
cross-references. To address this, the RPEM
performs a deduplication and consolidation
procedure that identifies structurally or se-
mantically similar regulatory requirements and



Figure 1: Overview of the proposed regulatory compliance assessment pipeline.

merges them into unified representations. This
process reduces redundancy and produces a
compact set of distinct regulatory constraints
while preserving references to all source provi-
sions.
The output of the RPEM is a refined col-

lection of structured regulatory requirements,
each represented by a unique identifier, a
formalized description of the regulatory con-
straint, associated legal metadata, and a set
of references to the original regulatory text.
Specifically, encodes the law document in the
form of a list of structured, article-level regu-
latory objects, where each element represents
a single, atomic, and operationally meaningful
legal requirement. Each object encodes the
legal function of the provision, the regulated
actor, the jurisdictional and domain scope, the
set of mandatory obligations, and explicit ref-
erences to the authoritative source text. This
representation serves as a normalized regula-
tory knowledge layer that enables fine-grained
applicability analysis and regulation-level com-
pliance reasoning in the CCM.
Formally, the RPEM output is defined as:

R = {r1, r2, . . . , rn},

where each ri is a structured regulatory object
consisting of semantic, legal, and traceability
fields.

3.2 Compliance Classification Module
(CCM)

The Compliance Classification Module (CCM)
is responsible for determining whether the
structured regulatory requirements produced
by the RPEM are applicable to, and subse-
quently satisfied by, the proposal document.
This module constitutes the second stage of
the ARCCS pipeline and performs regulation-
level compliance assessment through applica-
bility analysis, semantic alignment, retrieval-
augmented reasoning, and uncertainty-aware
labeling.

For each regulatory requirement, the CCM
first evaluates whether the requirement is appli-
cable to the proposal under analysis. Applica-
bility is determined based on a set of contextual
parameters, including the regulatory scope and
domain, the type of system or service described
in the proposal, and jurisdictional or geograph-
ical constraints (e.g., whether the regulation
explicitly applies to the country or region in
which the system is deployed). Regulatory re-
quirements that are deemed non-applicable are
excluded from further compliance reasoning,
thereby reducing analytical noise and improv-
ing decision relevance.

For applicable regulatory requirements, the
CCM processes the proposal or terms-of-use
document to extract its principal topics and



operational claims, forming a semantic rep-
resentation of the system’s stated practices,
commitments, and behaviors. Based on this
representation, the module performs relevance-
based matching to identify the subset of pro-
posal segments that are semantically related
to each regulatory requirement. This align-
ment step ensures that compliance reasoning is
grounded in contextually relevant evidence and
preserves traceability between legal constraints
and proposal content.
Let the proposal document be segmented

into passages P = {p1, . . . , pk}. For each re-
quirement ri ∈ R, the CCM computes a rele-
vance score function

ρ(ri, pj) ∈ [0, 1],

and selects evidence

Ei = {pj ∈ P : ρ(ri, pj) ≥ τ},

where τ is a matching threshold.
For each matched regulation–proposal pair,

the CCM employs a retrieval-augmented mech-
anism that incorporates the most relevant pro-
posal segments into a context-aware compli-
ance reasoning process. This design supports
explainable and evidence-based assessment by
conditioning each compliance decision on ex-
plicitly retrieved textual support, thereby re-
ducing the likelihood of unsupported or hallu-
cinated judgments.
For each regulatory requirement, the CCM

assigns both a compliance label and a corre-
sponding confidence score that reflects the sys-
tem’s estimated reliability of the decision. The
confidence score is derived from factors such as
the consistency of the retrieved evidence, the
completeness of the proposal information with
respect to the regulatory conditions, and the
clarity of the semantic alignment.

Each regulatory requirement is assigned one
of the following compliance labels:

• Compliant: Indicates that the proposal
explicitly satisfies the regulatory require-
ment. All mandatory conditions speci-
fied by the regulation are addressed in
the retrieved proposal segments, and no
conflicting statements are identified. The
assigned confidence score reflects strong
and consistent supporting evidence.

• Non-Compliant: Indicates a clear and
explicit violation of the regulatory require-
ment. The proposal contradicts a manda-
tory legal constraint or omits a required
condition in a manner that constitutes a
definitive regulatory mismatch. This label
is associated with high-confidence evidence
of non-conformance.

• Insufficient Information: Indicates
that the proposal references the relevant
regulatory topic but does not provide suffi-
cient detail to determine compliance. Crit-
ical conditions, qualifiers, or dependen-
cies required by the regulation are missing
from the retrieved proposal segments, re-
sulting in a low or moderate confidence
score.

• Human Required: Indicates that an au-
tomated compliance determination cannot
be reliably made. This label is assigned
in cases of ambiguity, contradictory state-
ments, missing external legal or technical
context, or when the model confidence for
the predicted label falls below a predefined
threshold. In such cases, the assessment is
explicitly deferred to a human expert for
final evaluation.

Compliance Report Generation. The
output of the CCM is a regulation-level compli-
ance report in which each regulatory require-
ment is associated with an applicability deci-
sion, a compliance label, a confidence score,
and a structured explanation. The explanation
explicitly states the rationale for the assigned
label, including which regulatory conditions
were satisfied or violated, or which informa-
tion was missing or ambiguous in the proposal.
This design supports transparency, auditabil-
ity, and effective human-in-the-loop review in
real-world regulatory compliance workflows.

4 Experimental Setup

This section reports two complementary evalu-
ation settings. First, ARCCS is evaluated on a
realistic compliance-checking setting in which
a terms-of-use document is assessed against
requirements extracted from the EU General
Data Protection Regulation (GDPR)2. Sec-
ond, we introduce a quantitative event-log

2https://gdpr-info.eu

https://gdpr-info.eu


compliance benchmark for public procurement
grounded in Directive 2014/24/EU (CELEX:
32014L0024). Across both settings, we focus
on interpretable, regulation-level outcomes and
traceable evidence.

4.1 Policy Document Compliance
Setup

Inputs. We used the GDPR as the regulatory
input and evaluated three widely used terms-of-
use documents: WhatsApp Terms of Service3,
Netflix Terms of Use4, and ChatGPT Terms
of Use5.

Regulatory requirements. Given the raw
GDPR text, the RPEM segmented the regu-
lation and extracted candidate requirements.
After filtering non-actionable clauses and ap-
plying deduplication, the system produced
|R| = 100 atomic regulatory requirements.

Compliance assessment. For each ri ∈ R,
the CCM matched the most relevant document
evidence and produced a regulation-level label
(Compliant, Non-Compliant, Insufficient Infor-
mation, or Human Required) with an accompa-
nying explanation. The confidence threshold
for triggering the Human Required label was
set to 70%.

Model configuration. Unless otherwise
stated, experiments were run using GPT-5.26.

Evaluation protocol. We report the distri-
bution of predicted compliance labels across the
100 extracted requirements for each document.
In addition, we employed an LLM-as-a-judge
protocol (Gu et al., 2025) to evaluate system
outputs at the regulation level: for each re-
quirement, we provided the judge model with
(i) the extracted regulation text/requirement
representation, (ii) the relevant terms-of-use
document context, and (iii) the full ARCCS
output for that requirement (predicted label
and explanation). The judge then assessed
whether the proposed compliance decision and
its justification are consistent with the provided
regulation and evidence (see Appendix B). For

3https://www.whatsapp.com/legal/
terms-of-service/revisions/20210104

4https://help.netflix.com/legal/termsofuse?
locale=en-GB

5https://openai.com/en-GB/policies/
row-terms-of-use

6gpt-5.2-2025-12-11

the procurement benchmark, evaluation is fully
quantitative with deterministic ground-truth
labels at both rule and case level (described
below in this setup).

Sampled evaluation set. To obtain a quan-
titative estimate of decision quality, we addi-
tionally performed a small-scale, sampled eval-
uation: we drew a sample of 30 regulation-level
checks from each of the three terms-of-use docu-
ments (WhatsApp, Netflix, and ChatGPT) un-
der the same GDPR regulatory context, yield-
ing 90 judged instances in total.

Evaluator models. We used three model
variants as evaluators: gpt-5.17, gpt-5.28, and
gpt-5.2-pro9. For gpt-5.2, the reasoning effort
was set to medium. Quantitative accuracy and
inter-evaluator agreement results are reported
in Section 5.

4.2 Public Procurement Quantitative
Setup

Legal scope and target rules. In addition
to the GDPR-based terms-of-use setting, we
evaluate an LLM-based log compliance check-
ing setup for public procurement grounded in
Directive 2014/24/EU on public procurement
(CELEX: 32014L0024). The Directive defines
the core EU legal framework for public con-
tract award procedures, including value thresh-
olds, publication and transparency obligations,
principles for participant selection and award,
and lifecycle conditions for contract execution
and termination. Rather than treating the
full Directive as a monolithic target, we eval-
uate a focused subset of twelve rules derived
from Articles 4, 48, 56, and 73 as represented
in the extracted regulatory knowledge base.
The selected rules capture four compliance
dimensions: monetary constraints, duplicate-
publication restrictions, temporal/logical con-
sistency of award procedures, and lifecycle con-
sistency for contract execution and termina-
tion.
Concretely, the twelve rules cover:

1. maximum contract amount threshold,

2. prohibition of duplicate publication of the
same call,

7gpt-5.1-2025-11-13
8gpt-5.2-2025-12-11
9gpt-5.2-pro-2025-12-11

https://www.whatsapp.com/legal/terms-of-service/revisions/20210104
https://www.whatsapp.com/legal/terms-of-service/revisions/20210104
https://help.netflix.com/legal/termsofuse?locale=en-GB
https://help.netflix.com/legal/termsofuse?locale=en-GB
https://openai.com/en-GB/policies/row-terms-of-use
https://openai.com/en-GB/policies/row-terms-of-use


3. prohibition of award before publication,

4. prohibition of award before participation,

5. requirement that publication and partici-
pation eventually lead to an award,

6. maximum delay of 70 days between publi-
cation and award,

7. prohibition of contract start without prior
award,

8. prohibition of contract end before publica-
tion,

9. prohibition of contract end immediately af-
ter publication without participation and
award,

10. requirement that any started contract
must eventually have an end date,

11. requirement that any ended contract must
previously have started,

12. requirement that any terminated contract
must previously have been awarded.

Event-log data source. The empirical con-
text is based on procurement event logs de-
rived from TED (Tenders Electronic Daily),
the official EU platform for public procure-
ment notices. TED provides large-scale, struc-
tured, real-world procurement traces and is
therefore suitable for process-centric com-
pliance analysis. Each procurement case
is represented by a unique case id and a
temporally ordered trace including events
such as PUBLICATION, PARTICIPATION, AWARD,
CONTRACT-START, and CONTRACT-END. In ad-
dition to event type and timestamp, each
log entry includes procurement-relevant at-
tributes (e.g., contract amount, procedure
type, electronic handling indicator, framework-
agreement indicator, country, NUTS code,
CPV division, CPV code, and trace length).
This structure is essential because the target
legal constraints depend on event order, event
co-occurrence, missing lifecycle steps, and at-
tribute values.

Controlled benchmark construction. To
enable balanced and reproducible evaluation
across all twelve rules, we construct a controlled
benchmark of 100 procurement traces using the

same schema as TED logs. This is necessary
because several violations of interest are sparse
in naturally occurring subsets of procurement
data. The benchmark includes both compli-
ant and non-compliant traces, with positive
and negative examples deliberately distributed
across rules. Each synthetic case preserves the
event vocabulary and metadata fields of TED-
style data, while enabling explicit ground-truth
assignment.

For every case, expected labels are derived
independently through deterministic logic over
event sequences and attributes. For example,
if an AWARD event precedes PUBLICATION, the
corresponding rule is violated; if a trace con-
tains CONTRACT-START but no CONTRACT-END,
the lifecycle-completion rule is violated; if con-
tract amount exceeds the legal threshold, the
monetary rule is violated. This ensures that
model outputs are evaluated against exter-
nally defined legal-process logic rather than
self-referential model judgments.

Evaluation granularity and metrics. The
benchmark contains 100 distinct procurement
traces, each identified by a unique case id,
and each trace is evaluated against all twelve
targeted regulations. This yields 1,200 rule-
level decisions in total (100 traces × 12 rules),
since every trace produces one compliance pre-
diction per rule. To ensure meaningful class
coverage, the dataset includes both violating
and non-violating examples: 60 traces are con-
structed to trigger at least one targeted vio-
lation, while 40 traces serve as fully compli-
ant controls. Moreover, even within violating
traces, only a subset of the twelve rules is posi-
tive and the remaining rules are negative, en-
suring that rule-level evaluation includes both
contradiction (violation) and non-contradiction
(non-violation) outcomes.

Evaluation is performed at two levels. At
rule level, the system produces one compliance
decision per (case, rule) pair. At case level,
rule outputs are aggregated into a binary de-
cision indicating whether a procurement trace
contains at least one violation. For each case,
the system stores the raw trace, expected la-
bels, per-rule outputs, and the final case-level
decision, enabling full post hoc error analysis.

Performance is quantified with standard bi-
nary classification metrics, where the positive



class corresponds to true legal violation de-
tection, operationalized as a NON COMPLIANT

prediction. We report accuracy, precision, re-
call, and F1-score at rule level, plus case-level
metrics obtained by collapsing the twelve rule
outputs into a single violation/no-violation la-
bel per trace. We additionally report exact
match, defined as the proportion of cases for
which all twelve rule decisions are simultane-
ously correct.

Methodological objective. This quantita-
tive setup combines a formal legal basis (Di-
rective 2014/24/EU), realistic TED-style pro-
cess traces, deterministic external ground truth,
and multi-level metrics. The resulting protocol
enables rigorous analysis of LLM-based com-
pliance checking for procurement event logs in
terms of overall performance, per-rule behavior,
and full-case exact consistency.

Model variants. For the procurement
benchmark, we evaluated three model variants
under the same legal scope and evaluation pro-
tocol: GPT-5.4, GPT-5-mini, and GPT-5.2.
The rest of paremeters was the same as the
previous one.

Unless explicitly stated otherwise, the re-
maining experimental parameters were kept
the same as in the previous setup.

5 Results

We report results for two complementary ex-
periments: (i) GDPR terms-of-use compliance
assessment with LLM-as-a-judge validation
and qualitative contradiction analysis, and (ii)
quantitative public procurement log compli-
ance checking under Directive 2014/24/EU.

5.1 Results on Policy Document
Compliance

Table 1 reports the accuracy of three evaluator
variants on the sampled GDPR set. High accu-
racy indicates that ARCCS decisions and ex-
planations are generally judged to be consistent
with the provided legal text and retrieved evi-
dence. More importantly, these scores suggest
that the system produces evidence-grounded
rationales rather than unsupported label as-
signments.

Table 2 reports inter-evaluator agreement.
We observe substantial overall agreement

Evaluator (LLM-as-a-Judge) Accuracy (%)
GPT-5.1 96.67
GPT-5.2 90.00
GPT-5.2-pro 90.00

Table 1: Accuracy of model-based evaluators on the
sampled set (30 checks per terms-of-use document;
90 total).

Agreement κ p-value
Cohen’s κ (GPT-5.1 vs GPT-5.2) 0.47 0.19
Cohen’s κ (GPT-5.1 vs GPT-5.2-pro) 0.47 0.19
Cohen’s κ (GPT-5.2 vs GPT-5.2-pro) 1.00 < 0.001
Fleiss’ κ (3 raters) 0.69 < 0.001

Table 2: Inter-evaluator agreement on the binary
verdict (YES/NO) for the sampled set.

(Fleiss’ κ = 0.69, p < 0.001). In particu-
lar, GPT-5.2 and GPT-5.2-pro exhibit perfect
agreement (κ = 1.00, p < 0.001), indicating
stable evaluator behavior under this setup.

Taken together, the accuracy and agreement
statistics indicate that ARCCS outputs are in-
ternally coherent and evidence-aligned: evalua-
tor models typically concur that the predicted
label follows from both regulation text and
retrieved supporting evidence.

Label Distribution and Contradiction
Analysis. The compliance label distributions
produced by ARCCS are summarized in Ta-
ble 3. Across documents, Insufficient Infor-
mation is the dominant outcome, consistent
with the fact that many GDPR obligations de-
pend on internal governance artifacts that are
usually absent from public terms-of-use pages.

To contextualize label differences, Table 4
reports document size statistics. The substan-
tially longer WhatsApp terms likely improve
evidence coverage and yield more determinate
outcomes than shorter documents.

Beyond underspecification, ARCCS also sur-
faces explicit legal contradictions. Below we
present an illustrative contradiction extracted
from the ChatGPT Terms of Use.

Contradiction Case Study (GDPR
Article 79)

Compliance Status: NON-COMPLIANT
Regulation: General Data Protection Regu-
lation (EU) 2016/679, Article 79: Right to an
effective judicial remedy against a controller or
processor
Regulation ID: GDPR Article 79
Domain: General



Document Compliant Non-Compliant Insufficient Info. Human Req.
WhatsApp 2 2 89 7
Netflix 0 0 99 1
ChatGPT 0 4 94 2

Table 3: Compliance label distribution over 100 GDPR-derived regulatory requirements for each evaluated
terms-of-use document.

Document Characters Words Sentences Paragraphs Lines
WhatsApp 323682 51698 1862 1382 3723
Netflix 15777 2538 128 39 158
ChatGPT 20404 3324 171 100 197

Table 4: Terms-of-use document sizes used in our experiments.

Contradiction Details. Document mandates
arbitration and exclusive California courts for
claims, which can deny/limit EU/EEA data sub-
jects’ ability to bring GDPR-rights infringement
proceedings before courts in their habitual res-
idence or the controller’s EU establishment as
required by GDPR Article 79.
Conflicting text includes: (1) mandatory arbitra-
tion requirement for disputes, and (2) exclusive
forum selection in San Francisco, California for
claims (except as provided in arbitration sec-
tion). These provisions contradict the GDPR
Article 79 requirement that data subjects must
have access to an effective judicial remedy and
be able to bring proceedings in the Member
State of their habitual residence (subject to the
public-authority exception).

Evidence from Document.

“MANDATORY ARBITRATION.
You and OpenAI agree to re-
solve any claims arising out of
or relating to these Terms or our
Services. . . through final and
binding arbitration.”

“Governing law. California law will
govern these Terms. . . Except as pro-
vided in the dispute resolution sec-
tion above, all claims arising out of
or relating to these Terms will be
brought exclusively in the federal or
state courts of San Francisco, Cali-
fornia.”

Explanation. GDPR Article 79 provides data
subjects a right to an effective judicial remedy
against a controller/processor and allows pro-
ceedings to be brought in the Member State of
the controller/processor’s establishment or the
data subject’s habitual residence (with a limited
exception for public authorities acting in public
powers). The Terms impose (i) final and bind-
ing arbitration for “any claims arising out of
or relating to these Terms or our Services” and
(ii) an exclusive court forum in San Francisco,
California for claims outside arbitration. These
clauses, as written, restrict access to EU Mem-
ber State courts and can functionally deny the
Article 79 venue rights and judicial remedy in
EU courts for GDPR infringements. The docu-
ment does not carve out GDPR/data-protection

claims for EU/EEA users to preserve Article 79
rights; instead it broadly applies arbitration and
a non-EU exclusive forum, creating a direct con-
flict with the regulation’s required availability
of EU judicial remedies and jurisdiction options.

This case study illustrates ARCCS’s abil-
ity to move beyond missing-information detec-
tion and identify explicit normative conflicts
between contractual provisions and legal obli-
gations.

5.2 Results on Public Procurement
Logs

This experiment evaluates regulation-level com-
pliance prediction on 100 synthetic public-
procurement traces derived from Directive
2014/24/EU. Each trace is checked against 12
legal constraints, yielding 1,200 rule-level deci-
sions per model. The benchmark is intention-
ally demanding because multiple constraints
depend on event ordering and lifecycle com-
pleteness; therefore, maintaining consistency
across all rule decisions is harder than simply
identifying whether a trace is problematic at
high level.

Tables 5, 6, and 7 summarize rule-level
performance, document-level screening perfor-
mance, and strict all-rule correctness across
GPT-5.410, GPT-5-mini11, and GPT-5.2.

5.2.1 Rule-Level Performance

At rule level, all three models perform strongly
and remain tightly clustered. Accuracy ranges
from 98.5% to 98.8%, while recall remains
near-saturated (98.8%–100.0%), indicating ro-
bust detection of true violations. GPT-5-mini
and GPT-5.2 jointly provide the strongest ag-

10gpt-5.4-2026-03-05
11gpt-5-mini-2025-08-07



Model Acc. Prec. Rec. F1
GPT-5.4 98.5 83.2 98.8 90.3
GPT-5.2 98.8 85.9 100.0 92.4
GPT-5-mini 98.8 85.9 100.0 92.4

Table 5: Rule-level model comparison on the pro-
curement compliance benchmark (100 traces, 1,200
rule decisions per model).

Model Acc. Prec. Rec. F1
GPT-5.4 98.0 96.8 100.0 98.4
GPT-5.2 100.0 100.0 100.0 100.0
GPT-5-mini 100.0 100.0 100.0 100.0

Table 6: Document-level model comparison on the
procurement benchmark.

gregate rule-level profile, matching on preci-
sion (85.9%), recall (100.0%), and F1 (92.4%),
and outperforming GPT-5.4 primarily through
fewer false alarms. Overall, the residual er-
ror profile remains false-positive-driven rather
than miss-driven, which is consistent with the
near-perfect recall across models.

5.2.2 Document-Level Performance

At document level (violation/no-violation per
trace), performance is extremely strong. GPT-
5.4 reaches 98.0% accuracy and 98.4% F1, cor-
rectly identifying all violating traces and 95%
of compliant traces. GPT-5-mini and GPT-
5.2 achieve 100.0% on all document-level met-
rics. These results show that ARCCS is highly
effective as a first-stage screening system for
procurement workflows: in practical terms, it
reliably separates problematic from compliant
traces. This is particularly important in compli-
ance screening, where reliably detecting prob-
lematic cases is often more critical than elimi-
nating every residual false alarm.

5.2.3 Exact-Match Performance

To evaluate strict trace-level correctness, we
report exact match, where a trace is counted
as correct only if all 12 rule-level decisions are
simultaneously correct. Under this criterion,
scores are lower than document-level metrics
because a single rule-level mismatch is suffi-
cient for a non-exact trace. This behavior is
expected in multi-rule compliance settings and
should be interpreted as a fine-grained cali-
bration challenge rather than a failure of core
violation detection.

Overall, the comparative pattern is clear: all
three models are highly reliable for regulation-

Model Exact Match (%)
GPT-5.4 83.0
GPT-5.2 86.0
GPT-5-mini 87.0

Table 7: Document-level exact-match performance,
i.e., the percentage of traces for which all 12 rule
decisions are simultaneously correct.

level retrieval and near-perfect for document-
level screening, while the remaining headroom
lies in achieving strict all-rules-correct predic-
tions. GPT-5-mini and GPT-5.2 are effectively
tied on aggregate rule-level and document-level
metrics, but GPT-5-mini is marginally better
on exact match (87.0% vs 86.0%), indicating
slightly better fine-grained calibration when
all 12 rules must be simultaneously correct.
The gap between near-perfect document-level
scores and lower exact-match scores is primar-
ily explained by isolated extra false alarms on
individual rules rather than broad misunder-
standing of entire traces. From a practical per-
spective, GPT-5-mini provides the strongest
balance in this benchmark, combining top ag-
gregate performance with the best exact-match
rate and a lower Insufficient Information rate
(2.3%) compared with GPT-5.2 (7.3%) and
GPT-5.4 (8.8%). At the same time, the uni-
formly high scores across all three models rein-
force that a substantial share of performance
comes from the ARCCS architecture itself,
which remains robust across model backbones.

6 Demo Interface

To support adoption by non-technical stake-
holders, we implemented a lightweight web-
based demo for ARCCS (Figure 2) in the policy
document compliance use case. The interface
is designed to minimize user effort and to ab-
stract away model configuration and pipeline
orchestration.
The demo follows a simple three-step work-

flow: (i) upload a regulatory document (or se-
lect a preloaded regulation such as the GDPR),
(ii) upload a target policy/terms-of-use doc-
ument, and (iii) run the compliance analy-
sis. During execution, the demo streams real-
time logs to provide transparency into pipeline
progress and intermediate stages. After com-
pletion, the system generates a structured com-
pliance report and maintains a history of prior
runs to support iterative auditing and compar-



ison across documents.

7 Experimental Resources Used

The experimental workflow was implemented
using a development and prototyping envi-
ronment that integrated a broad range of
open-source and proprietary foundation mod-
els, including open-weight families such as
Qwen12, Mistral13, and EuroLLM14, as well
as models tailored for the legal domain such
as Saul (Colombo et al., 2024)15. In addi-
tion, Amazon Bedrock and OpenAI were em-
ployed to provide access to a broad range of
closed commercial models and to offer unified
access to multiple model families for large-scale
comparative experimentation. This configura-
tion enabled systematic evaluation across di-
verse model families and established a widely
adopted, standardized reference point for as-
sessing reasoning quality, stability, and output
consistency under identical task and prompt
configurations.

This phase focused on validating the end-
to-end pipeline, refining prompt design, and
assessing the stability and suitability of differ-
ent model architectures for long-context regu-
latory and legal document processing. In par-
ticular, the availability of diverse model fami-
lies through Amazon Bedrock supported broad
comparative experimentation across architec-
tures and parameter scales, while OpenAI mod-
els were used alongside this process as widely
adopted reference models, providing a common
and standardized benchmark for assessing rea-
soning quality and output consistency under
identical task and prompt configurations.

For the final experimental evaluation, we em-
ployed OpenAI models, which exhibited more
stable reasoning patterns and higher reliability
when operating on complex, multi-step compli-
ance reasoning tasks and extended legal inputs.
This configuration further enabled the use of a
consistent model family for both system infer-
ence and LLM-based evaluation, thereby reduc-
ing cross-model bias and improving the repro-

12https://huggingface.co/collections/Qwen/
qwen3

13https://huggingface.co/docs/transformers/
en/model_doc/mistral

14https://huggingface.co/blog/eurollm-team/
eurollm-9b

15https://huggingface.co/papers/2403.03883

ducibility of regulation-level compliance assess-
ments. From a resource allocation perspective,
this staged workflow supported broad, cost-
efficient model exploration during development,
followed by targeted, high-fidelity experimenta-
tion in the final evaluation phase, ensuring that
computational resources were concentrated on
configurations that demonstrated the strongest
empirical performance and methodological ro-
bustness.

8 Conclusion

This work introduced ARCCS, a modular
and transparent framework for automated,
regulation-level compliance assessment that in-
tegrates structured regulatory extraction, se-
mantic alignment, and retrieval-augmented rea-
soning within a unified multi-agent architec-
ture. By transforming unstructured legal texts
and policy documents into traceable, machine-
interpretable representations, ARCCS enables
scalable compliance evaluation while preserv-
ing explainability and human oversight through
uncertainty-aware labeling and structured jus-
tifications.

Experimental results on GDPR-based com-
pliance checking demonstrate that the sys-
tem produces coherent, evidence-aligned de-
cisions across diverse terms-of-use documents,
with substantial agreement among independent
LLM-based evaluators. Beyond underspecifi-
cation detection, ARCCS is capable of surfac-
ing concrete regulatory contradictions, high-
lighting its practical value for auditing and
legal review workflows. In parallel, we define
a dedicated quantitative benchmark for pro-
curement event-log compliance under Directive
2014/24/EU, enabling deterministic rule-level
and case-level assessment in process-centric
public contracting scenarios. Empirically, this
benchmark shows high and stable performance
across model variants, with rule-level accuracy
in the 98.4%–98.8% range and document-level
F1 in the 98.4%–100.0% range, indicating ro-
bust violation screening under process con-
straints. Exact-match results (83.0%–87.0%)
further show that the main remaining challenge
is full cross-rule consistency rather than core
detection quality, reinforcing the robustness of
the ARCCS architecture.

As a future direction, we plan to conduct a

https://huggingface.co/collections/Qwen/qwen3
https://huggingface.co/collections/Qwen/qwen3
https://huggingface.co/docs/transformers/en/model_doc/mistral
https://huggingface.co/docs/transformers/en/model_doc/mistral
https://huggingface.co/blog/eurollm-team/eurollm-9b
https://huggingface.co/blog/eurollm-team/eurollm-9b
https://huggingface.co/papers/2403.03883


Figure 2: Web demo interface for ARCCS, designed for users without programming experience.

more rigorous human-centered evaluation in-
volving legal and domain experts to assess de-
cision quality, interpretability, and practical
usability in real-world compliance workflows.
In parallel, we aim to adapt and deploy ARCCS
within specific application domains and public-
sector institutions, enabling context-aware cus-
tomization of regulatory representations and
compliance criteria to meet the operational
and jurisdictional requirements of governmen-
tal and institutional settings.
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A Example Module Outputs
(GDPR Case Study)

This appendix provides a concrete example of
the structured outputs produced by the RPEM
and CCM modules. The example is based on
a regulation from the European Union Gen-
eral Data Protection Regulation (GDPR) 16

and a corresponding compliance assessment
performed on a terms-of-use document. The
purpose of this appendix is to illustrate the in-
ternal data representations exchanged between
modules and to demonstrate how traceability
and explainability are preserved throughout
the pipeline.

A.1 Example Output of the
Regulatory Processing and
Extraction Module (RPEM)

The RPEM outputs a list of article-level regu-
latory objects, each representing a single opera-
tional legal requirement derived from a regula-
tory source. An example object corresponding
to GDPR Article 5 is shown below.

RPEM Output: Article-Level Reg-
ulatory Representation (GDPR)

{
"regulation_id": "GDPR Article 5",
"regulation_name": "General Data

Protection Regulation (EU)
2016/679 Principles relating to
processing of personal data",

↪→
↪→
↪→

16https://gdpr-info.eu

"regulation_type": "article",

"jurisdiction": {
"geographic_scope": "EU",
"applicable_regions": ["European

Union", "European Economic
Area"],

↪→
↪→
"cross_border_applicability": true

},

"domain": {
"primary_domain": "Data Protection",
"sub_domains": [

"Personal Data Processing",
"Data Security",
"Data Minimization",
"Transparency",
"Accountability"

]
},

"legal_function": "obligation",
"regulated_actor": "data_controller",

"requirements": {
"mandatory_obligations": [

"Process personal data lawfully,
fairly, and transparently",↪→

"Collect data for specified,
explicit, and legitimate
purposes",

↪→
↪→
"Limit personal data collection

to what is necessary",↪→
"Ensure personal data accuracy

and allow rectification",↪→
"Limit storage duration to what

is necessary",↪→
"Ensure integrity and

confidentiality through
technical and organizational
measures",

↪→
↪→
↪→
"Demonstrate compliance with all

processing principles
(accountability)"

↪→
↪→

]
},

"scope": {
"applies_when": [

"Personal data of natural persons
is processed",↪→

"Processing is automated or part
of a structured filing
system"

↪→
↪→

],
"exceptions": [

"Purely personal or household
activities",↪→

"Law enforcement processing under
Directive (EU) 2016/680"↪→

]
},

"source_references": {
"regulation": "Regulation (EU)

2016/679",↪→
"article": "Article 5",

https://arxiv.org/abs/2309.10238
https://arxiv.org/abs/2309.10238
https://doi.org/10.18653/v1/P16-1126
https://doi.org/10.18653/v1/P16-1126
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"official_title": "Principles
relating to processing of
personal data"

↪→
↪→

},

"traceability": {
"source_section": "GDPR Article 5",
"cross_referenced_articles":

["Article 6", "Article 24",
"Article 32"]

↪→
↪→

},

"_quality_score": {
"score": 92.4,
"status": "KEEP",
"completeness": "HIGH",
"issues": []

}
}

A.2 Example Output of the
Compliance Classification Module
(CCM)

The CCM outputs a list of regulation-level
compliance decision objects, each correspond-
ing to a single structured regulatory require-
ment produced by the RPEM. Each decision
object captures the applicability of the regula-
tion to the analyzed document, the assigned
compliance label, a confidence estimate, and
an evidence-grounded explanation that links
regulatory constraints to retrieved segments of
the proposal text.
An example compliance decision is shown

below for the WhatsApp Terms of Service
(2021)17. In this case, the CCM evalu-
ates the document against multiple provisions
of the General Data Protection Regulation
(GDPR) and produces both compliant and non-
compliant outcomes. The example illustrates
the module’s ability to identify explicit regu-
latory violations, such as jurisdictional scope
conflicts under GDPR Article 3, while simulta-
neously confirming compliance with other reg-
ulatory principles, including data processing
and transparency requirements under GDPR
Article 5.

This example demonstrates how the CCM
integrates applicability analysis, retrieval-
augmented evidence selection, and structured
reasoning to generate transparent, regulation-
level compliance assessments that are suitable
for expert validation and regulatory auditing.

17https://www.whatsapp.com/legal/
terms-of-service/revisions/20210104

CCM Output: Regulation-Level
Compliance Decision

{
"overall_status": "NON-COMPLIANT - 1

violation(s) found",↪→
"summary": {

"compliant": 19,
"non_compliant": 1,
"total": 20,
"insufficient_info": 0,
"human_required": 0

},
"total_checked": 20,

"violations": [
{

"regulation_id": "GDPR Article 3",
"regulation_name": "General Data

Protection Regulation (EU)
2016/679 Territorial scope",

↪→
↪→
"contradiction_found": true,
"compliance_status":

"NON_COMPLIANT",↪→
"contradiction_details": "The

document implies an attempt
to avoid being subject to
foreign jurisdictions by
limiting service
availability. This conflicts
with GDPR Article 3, which
establishes that GDPR applies
when processing targets
individuals in the EU,
regardless of the physical
location of the service or
processing infrastructure.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
"evidence": "Our Services are not

intended for distribution to
or use in any country or
territory where such use
would subject us to
regulations in another
country or territory."

↪→
↪→
↪→
↪→
↪→
↪→

}
],

"detailed_results": [
{

"regulation_id": "GDPR Article 5",
"regulation_name": "GDPR

Principles relating to
processing of personal data",

↪→
↪→
"contradiction_found": false,
"compliance_status": "COMPLIANT",
"evidence": "The document does

not state that personal data
will be processed unlawfully,
unfairly, or without
transparency, nor does it
contradict principles of
minimization, retention, or
accountability."

↪→
↪→
↪→
↪→
↪→
↪→
↪→

},
{

"regulation_id": "GDPR Article 3",
"regulation_name": "GDPR

Territorial scope",↪→

https://www.whatsapp.com/legal/terms-of-service/revisions/20210104
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"contradiction_found": true,
"compliance_status":

"NON_COMPLIANT",↪→
"evidence": "Our Services are not

intended for distribution to
or use in any country or
territory where such use
would subject us to
regulations in another
country or territory."

↪→
↪→
↪→
↪→
↪→
↪→

}
]

}

B Evaluator Prompt
(LLM-as-a-Judge)

This section provides the prompt regarding the
LLM evaluation method used for the model-
based evaluator.

Evaluator Prompt

You are a legal-compliance evaluation assistant.

You will receive a JSON object representing the
output of a GDPR contradiction-checking sys-
tem. Your task is to assess whether the system’s
final conclusion is logically and legally justified
by its own explanation and cited evidence.

This is not an adversarial task. Do not attempt
to fabricate weaknesses. Respond with NO only
if you can identify a clear and concrete flaw in
the system’s reasoning.

Evaluation procedure:

1. Identify the system’s primary conclusion:
- Determine whether it asserts that a direct

contradiction exists or does not exist.

2. Follow the reasoning path:
- GDPR rule or principle referenced
- Claim made about the document
- Supporting evidence (e.g., quotations or

references)

3. Verify internal consistency:
- Does the cited GDPR rule genuinely support

the stated claim?
- Does the evidence directly substantiate the

claim, or is it irrelevant or misaligned?
- Are there unjustified logical jumps (e.g.,

claims extending beyond what the evidence
demonstrates)?

4. Conditions for answering YES:
- The reasoning is coherent and the evidence

reasonably supports the conclusion, even if the
explanation is high-level or lacks fine-grained
detail.

- The system correctly interprets missing or
vague information as the absence of a contradic-
tion.

5. Conditions requiring NO (at least one must
apply):

- Misinterpretation of a GDPR rule or legal
principle

- Evidence that fails to support the stated
legal claim

- Logical inconsistency between the conclusion
and the explanation

- A conclusion that conflicts with the system’s
own evidence or raw data

Final output rule:

You MUST return ONLY ONE WORD:

YES

or

NO

Meaning:

- YES = The system’s conclusion is logically
and legally supported by its own explanation
and evidence.
- NO = A concrete logical or legal error has

been identified in the system’s reasoning.

Do not include any explanations, formatting, or
additional text in your response.
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