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Abstract

Regulatory compliance checking—deciding
whether a target document satisfies the obli-
gations of a regulation—requires interpreting
dense legal text, identifying which provisions
apply, and grounding each decision in ex-
plicit evidence. We present ARCCS, an end-
to-end, automated, agentic, and regulation-
agnostic Legal NLP system for compliance
checking. ARCCS decomposes raw regula-
tory text into atomic, traceable requirements
and evaluates a target document against them
using retrieved evidence, confidence scores,
and human-interpretable justifications. This
design decouples compliance assessment from
any fixed regulatory template or predefined rule
set, enabling the pipeline to operate over regula-
tions of varying size and structure. Rather than
forcing a verdict on every requirement, AR-
CCS assigns one of four labels—Compliant,
Non-Compliant, Insufficient Information, and
Human Required—making abstention and hu-
man deferral explicit outcomes. On an EU
public-procurement benchmark of more than
1,200 individual rule checks, ARCCS attains
98.8% accuracy in violation detection, and an
LLM-as-a-judge evaluation finds its justifica-
tions legally and evidentially consistent in up
to 96.67% of the assessed cases. ARCCS is,
to our knowledge, the first fully open-source
system for end-to-end regulatory compliance
checking and auditable report generation.

1 Introduction

Regulatory compliance checking—deciding
whether a target document, such as a vendor
proposal or a terms-of-use agreement, satisfies the
obligations imposed by a body of regulation—is
a high-stakes task that today rests almost entirely
on human experts. Doing it well requires three
competencies that are individually hard and jointly
rare: interpreting dense, cross-referential legal
text; identifying which provisions are actually
applicable to a given document; and grounding

every decision in explicit textual evidence so
that it can be audited. This combination makes
manual compliance review slow and expensive,
and difficult to scale to the document volumes of
modern procurement.

Legal NLP supplies strong components for these
subtasks—domain-adapted encoders and bench-
marks for legal language understanding (Chalkidis
et al., 2020, 2022), expert-annotated contract re-
view (Hendrycks et al., 2021), and broad legal-
reasoning evaluation of large language models
(LLMs) (Guha et al., 2023)—and a parallel line
of work has shipped deployed tools for individual
legal artefacts: unfair-clause detection in terms of
service (Lippi et al., 2018), privacy-policy analysis
(Harkous et al., 2018), and building-code compli-
ance (Hettiarachchi et al., 2025). These systems,
however, are each tied to a single artefact type or
a single regulation, and do not offer an end-to-end
path from a raw, previously unseen regulation to
an auditable, requirement-level decision. Applying
LLMs directly to close this gap is unsafe: models
hallucinate legal content at high rates (Dahl et al.,
2024), and even retrieval-augmented commercial
legal tools remain unreliable (Magesh et al., 2024).
A trustworthy system must therefore not only pre-
dict but also expose its evidence and abstain when
support is insufficient—a behaviour studied as an-
swering only when warranted (Rajpurkar et al.,
2018), abstention in LLMs (Wen et al., 2025), and
learning to defer to a human expert (Madras et al.,
2018; Mozannar and Sontag, 2020).

We present ARCCS1, an interactive system for
end-to-end regulatory compliance checking. Given
a regulation and a target document, ARCCS de-
composes the regulation into atomic requirements,
retrieves relevant evidence from the target docu-
ment, and produces requirement-level compliance
decisions with supporting excerpts and explana-

1https://geofila.github.io/ARCCS/
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tions. The system is designed to be regulation- and
document-agnostic: it is not tied to a fixed check-
list, a single legal domain, or a specific artefact
type, but provides a reusable pipeline for turning
complex regulatory text into traceable compliance
assessments.

This paper makes three contributions:

• a regulation-agnostic, auditable pipeline that
maps a regulation and target document to
requirement-level decisions with evidence and
justifications, with abstention and deferral as
first-class labels grounded in work on selec-
tive answering and learning to defer;

• an evaluation on an EU public-procurement
benchmark of over 1,200 rule checks, report-
ing violation-detection accuracy and an LLM-
as-a-judge (Zheng et al., 2023) assessment of
justification quality; and

• to our knowledge, the first free and fully open-
source system for end-to-end compliance
checking—a lightweight, locally runnable ap-
plication that enables practitioners to anal-
yse arbitrary regulatory and target documents
through an interactive interface and generate
structured, auditable reports.

2 System Architecture

This section describes what ARCCS computes and
how. At a high level, ARCCS takes two inputs—a
regulatory document D and a target document T (a
proposal or terms-of-use agreement)—and returns
a structured report that, for each obligation in D,
states whether T satisfies it, with what confidence,
and on the basis of which textual evidence. As il-
lustrated in Figure 1, computation proceeds in two
stages. The Regulatory Processing and Extraction
Module (RPEM, §2.1) converts the regulation into
a set of machine-checkable requirements; the Com-
pliance Classification Module (CCM, §2.2) checks
the target document against each requirement. We
formalise the two modules below and then give
precise definitions of the four compliance labels
(§2.3).

2.1 Regulatory Processing and Extraction
Module

Hierarchical segmentation. RPEM first seg-
ments the regulation D into an ordered set of
chunks C = {c1, . . . , cm} that respects its legal

structure (articles, paragraphs, sub-paragraphs).
Each chunk cj retains its structural metadata (e.g.
article identifier and position), so that local le-
gal context is preserved for fine-grained analy-
sis, following structured legal-document modelling
(Chalkidis et al., 2020).

Atomic requirement extraction. RPEM then ap-
plies an extraction mapping

ϕ : C → R, R = {r1, . . . , rn}, (1)

that converts chunks into atomic requirement ob-
jects. Each requirement is represented as a tuple

ri =
(
fi, αi, σi, Mi, srci

)
, (2)

where fi is the legal function of the provision (obli-
gation, prohibition, right, or condition), αi the
regulated actor, σi the jurisdictional and domain
scope, Mi = {µi,1, . . . } the set of mandatory con-
ditions that must hold for the requirement to be sat-
isfied, and srci an explicit pointer to the originating
regulatory text. The mandatory-condition set Mi

is what makes a requirement checkable, and srci
makes every later decision traceable to a specific
provision—a deliberate response to the evidence
and auditability gaps behind legal hallucination
(Dahl et al., 2024; Magesh et al., 2024).

Filtering and consolidation. Not all chunks
yield enforceable constraints. RPEM removes pro-
visions that are purely definitional, descriptive,
or contextual, and then deduplicates requirements
that are semantically equivalent but restated across
cross-references, merging them while preserving
all source pointers. The result is a compact, non-
redundant requirement set R that serves as the nor-
mative knowledge layer for the CCM.

2.2 Compliance Classification Module
The CCM segments the target document into pas-
sages P = {p1, . . . , pk} and evaluates each re-
quirement ri ∈ R in three steps.

(1) Applicability. An applicability predicate

a(ri | T ) ∈ {0, 1} (3)

decides, from the scope σi and the properties of
T (e.g. system type, domain, deployment jurisdic-
tion), whether ri governs T at all. Requirements
with a(ri | T ) = 0 are excluded from compliance
reasoning, reducing analytical noise and keeping
the report focused on relevant obligations.



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

(2) Evidence retrieval. For each applicable re-
quirement, the CCM scores the relevance of every
passage with a function

ρ(ri, pj) ∈ [0, 1], (4)

and selects the supporting evidence set

Ei = { pj ∈ P : ρ(ri, pj) ≥ τ }, (5)

where τ is a relevance threshold. The compliance
decision for ri is then conditioned on Ei rather than
on the model’s parametric memory—a retrieval-
augmented design (Lewis et al., 2020) that grounds
judgments in the document text and is known to
curb, though not eliminate, hallucination (Magesh
et al., 2024).

(3) Labelling. Finally, a decision function

ℓ(ri) =
(
yi, κi, Ji

)
(6)

assigns a compliance label yi ∈ Y (§2.3), a con-
fidence score κi ∈ [0, 1] derived from the con-
sistency and completeness of the evidence in Ei

with respect to the mandatory conditions Mi, and a
natural-language justification Ji that cites the pas-
sages in Ei and the provision srci.

2.3 Compliance Labels
ARCCS does not force a verdict on every re-
quirement. Instead, the label space is Y =
{C, NC, II, HR}, defined as follows. Let θhi and
θlo be confidence thresholds with θlo < θhi.

COMPLIANT (C). Every mandatory condition
µ ∈ Mi is explicitly supported by the ev-
idence Ei, no passage in Ei contradicts ri,

and κi ≥ θhi. Formally,
(
∀µ ∈ Mi :

sat(µ,Ei)
)
∧ ¬ conflict(ri, Ei) ∧ κi ≥ θhi.

NON-COMPLIANT (NC). The evidence Ei either
directly contradicts a mandatory condition or
omits a required condition while addressing
its topic, with high confidence:

(
∃µ ∈ Mi :

violate(µ,Ei)
)
∧ κi ≥ θhi.

INSUFFICIENT INFORMATION (II). The evi-
dence references the regulatory topic but does
not determine satisfaction of the mandatory
conditions; that is, some µ ∈ Mi is neither
confirmed nor refuted by Ei, yielding
low-to-moderate confidence (κi < θhi). This
is principled abstention: the system answers
only when the evidence warrants it (Rajpurkar
et al., 2018; Wen et al., 2025).

HUMAN REQUIRED (HR). A reliable automated
decision cannot be made—due to ambiguity,
mutually contradictory evidence, missing ex-
ternal legal or technical context, or confidence
below the deferral threshold (κi < θlo). The
case is explicitly routed to a human expert
(Madras et al., 2018; Mozannar and Sontag,
2020).

Compliance report. The output of ARCCS is a
regulation-level report listing, for every applicable
requirement, the tuple (yi, κi, Ji, srci). Because
each entry pairs a decision with its confidence, its
supporting evidence, and the governing provision,
the report is auditable end-to-end and directly sup-
ports human-in-the-loop review in real compliance
workflows.



3 Experimental Setup

We evaluate ARCCS in two complementary set-
tings: a realistic policy-document setting without
deterministic gold labels, and a controlled event-
log setting with externally defined ground truth. To-
gether, these settings test both evidence-grounded
legal interpretation and deterministic rule-level
compliance checking.

3.1 Setting 1: GDPR Policy-Document
Compliance

Inputs. We use the GDPR as regulatory input
and evaluate the terms of use of three widely used
applications: WhatsApp, Netflix, and ChatGPT.
The documents vary substantially in length and
specificity, allowing us to examine how available
textual evidence affects compliance labels.
Evaluation protocol. We report the predicted-
label distribution over the 100 GDPR-derived re-
quirements for each document. Since no deter-
ministic gold standard is available, we additionally
assess decision quality using an LLM-as-a-judge
protocol (Gu et al., 2026; Zheng et al., 2023). For
each sampled decision, the judge receives the reg-
ulation text, the extracted requirement representa-
tion, the relevant terms-of-use evidence, and the
full ARCCS output, including the predicted label
and explanation. We sample 30 decisions per docu-
ment, yielding 90 judged instances, and use three
independent evaluator models to assess consistency
with the provided regulation and evidence as well
as inter-evaluator agreement.

3.2 Setting 2: Public-Procurement Event-Log
Compliance

Legal scope and benchmark. We evalu-
ate public-procurement compliance under Direc-
tive 2014/24/EU (CELEX: 32014L0024), focusing
on twelve rules derived from Articles 4, 48, 56,
and 73 rather than the full Directive. The complete
rule list and the operational mapping from legal
provisions to executable checks are included with
the released system.
Data and ground truth. We construct a con-
trolled benchmark of 100 procurement traces fol-
lowing the Tenders Electronic Daily (TED) event-
log schema.2 Because several relevant violations
are sparse in naturally occurring data, the bench-
mark includes 60 traces with at least one targeted
violation and 40 fully compliant controls. Expected

2https://ted.europa.eu

labels are derived independently through determin-
istic logic over each trace and its attributes, ensur-
ing that ARCCS is evaluated against externally de-
fined legal-process ground truth rather than model-
generated judgments. This setting is therefore in-
tended as a controlled sanity check of rule-level
compliance reasoning, not as evidence of full real-
world procurement coverage.
Metrics. Each of the 100 traces is evaluated against
all twelve rules, yielding 1,200 rule-level decisions.
We report rule-level accuracy, precision, recall,
and F1, treating true legal violations as the pos-
itive class, together with case-level performance
obtained by aggregating rule outputs into a bi-
nary compliant/non-compliant trace label. We also
report exact match, defined as the proportion of
cases for which all twelve rule decisions are cor-
rect. The benchmark is evaluated with gpt-5.4,
gpt-5-mini, and gpt-5.2 under the same legal
scope and protocol.

3.3 Models

ARCCS is model- and backend-agnostic: RPEM
and CCM use structured prompts and typed outputs,
without model-specific fine-tuning or local GPU
requirements. In our experiments, we use OpenAI
API models from the GPT-5 family, with gpt-5.2
as the default backbone unless otherwise stated.
All main runs use medium reasoning effort, and the
confidence threshold for the Human Required label
is fixed at 0.60. Exact model identifiers and model
cards are reported in App. D.

4 Evaluation

4.1 Policy-Document Compliance

Decisions are evidence-grounded. Table 1 re-
ports the accuracy of the three evaluator models on
the sampled GDPR set. The judges find ARCCS
decisions consistent with the provided regulation
and evidence in 90.00–96.67% of cases. Because
the judge conditions its verdict jointly on the reg-
ulation, the retrieved evidence, and the ARCCS
explanation, these scores indicate that the system
produces evidence-grounded rationales rather than
unsupported label assignments. Table 2 reports
inter-evaluator agreement: we observe substantial
overall agreement (Fleiss’ κ = 0.69, p < 0.001),
with gpt-5.2 and gpt-5.2-pro in perfect agree-
ment (κ = 1.00, p < 0.001), indicating that the
favourable verdicts are stable rather than an artefact
of a single judge.

https://ted.europa.eu


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 (5.1 vs 5.2) 0.47 0.19
Cohen’s κ (5.1 vs 5.2-pro) 0.47 0.19
Cohen’s κ (5.2 vs 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.

Abstention is calibrated, not evasive. Across
the GDPR-derived requirements, Insufficient Infor-
mation is the dominant outcome, as expected for
public terms-of-use documents. Most GDPR obli-
gations depend on internal governance artefacts,
such as records of processing, DPIAs, and secu-
rity measures, which are not normally disclosed
in public-facing terms. A faithful compliance sys-
tem should therefore abstain when the document
does not provide enough evidence, rather than infer
internal practices from silence. Importantly, ab-
stention does not prevent the system from issuing
determinate verdicts when the retrieved evidence
supports them: ARCCS reserves Compliant/Non-
Compliant labels for evidence-backed cases and
routes borderline cases to Human Required.
Beyond underspecification: surfacing real, con-
firmed conflicts. Beyond missing information,
ARCCS surfaces candidate normative conflicts
for human review—system-generated flags, not
legal determinations. Some of these flags corre-
spond to conflicts that have independently been
confirmed by regulators. For example, ARCCS
flags WhatsApp terms as problematic, and the Irish
Data Protection Commission later found WhatsApp
non-compliant and imposed a 225M fine under
Arts. 5(1)(a) and 12–14 GDPR.3 Similarly, for the
ChatGPT Terms of Use, ARCCS flags GDPR Ar-
ticle 79 as Non-Compliant, because mandatory-
arbitration and exclusive San Francisco forum
clauses conflict with the Article 79 guarantee that
EU/EEA data subjects may sue in their Member
State of residence. These cases show that the sys-

3Irish Data Protection Commission WhatsApp inquiry de-
cision.

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 3: Rule-level performance on the procurement
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 4: Case-level (per-trace) performance on the pro-
curement benchmark.

tem identifies concrete evidence-backed conflicts,
not only gaps, while still leaving final legal inter-
pretation to experts.

4.2 Public-Procurement Logs
Rule-level performance. At rule level (Table 3) all
three models perform strongly and remain tightly
clustered: accuracy ranges from 98.5% to 98.8%
and recall is near-saturated (98.8–100.0%), indicat-
ing robust detection of true violations. gpt-5.2
and gpt-5-mini jointly provide the strongest pro-
file (precision 85.9, recall 100.0, F1 92.4), out-
performing gpt-5.4 chiefly through fewer false
alarms. Crucially, the residual error is false-
positive-driven rather than miss-driven: with recall
at or near 100%, ARCCS effectively never misses
a genuine violation—the conservative error profile
that compliance screening demands.
Case-level performance. Aggregated to a per-
trace violation/no-violation decision (Table 4),
performance is extremely strong: gpt-5.2 and
gpt-5-mini reach 100.0% on all case-level met-
rics, while gpt-5.4 attains 98.0% accuracy and
98.4% F1, correctly flagging all violating traces.
As a first-stage screening mechanism that separates
problematic from compliant cases—often the most
operationally important step—ARCCS is therefore
highly reliable.
Exact-match performance. Under the strictest
criterion—a trace counts as correct only if all
twelve rule decisions are simultaneously correct—
scores are necessarily lower (Table 5), since
a single rule-level slip invalidates the trace.
gpt-5-mini is best (87.0%) and also exhibits the
lowest Insufficient Information rate (2.3%, vs 7.3%
for gpt-5.2 and 8.8% for gpt-5.4), indicating
slightly better fine-grained calibration when all

https://www.dataprotection.ie/en/news-media/press-releases/data-protection-commission-announces-decision-whatsapp-inquiry
https://www.dataprotection.ie/en/news-media/press-releases/data-protection-commission-announces-decision-whatsapp-inquiry


Model Exact Match (%)

gpt-5.4 83.0
gpt-5.2 86.0
gpt-5-mini 87.0

Table 5: Document-level exact-match performance: the
percentage of traces for which all 12 rule decisions are
simultaneously correct.

rules must hold at once. The gap between near-
perfect case-level scores and exact-match scores
stems from isolated extra false alarms on individual
rules rather than broad misunderstanding of entire
traces, and should be read as a fine-grained calibra-
tion challenge rather than a failure of core violation
detection.

5 Demonstration

ARCCS is delivered as a self-contained web appli-
cation that runs locally and requires no program-
ming, model configuration, or pipeline orchestra-
tion from the user: after supplying their own API
key, the user starts the server and reaches the inter-
face in a browser, where the full ARCCS pipeline
is driven through a three-step wizard. Step 1,
the user uploads a regulatory document or selects
one of the preloaded regulations (e.g., the GDPR),
which skips extraction and reuses a cached, pre-
extracted requirement set. Step 2, the user uploads
the target policy or terms-of-use document via drag-
and-drop. Step 3, the user launches the analysis
and the system checks the document against the
extracted requirements. Throughout extraction and
checking, the interface streams real-time logs that
expose pipeline progress and intermediate stages,
making the reasoning process transparent to non-
technical stakeholders.

The user inspects the outcome through a struc-
tured compliance report. A summary panel reports
the counts of the four labels together with an aggre-
gate compliance-rate indicator; below it, a results
table lists one row per requirement. Selecting any
row opens a detail view exposing the governing
provision and its identifier, the assigned label, the
confidence score, the verbatim evidence quoted
from the target document, and the natural-language
justification. This layout makes the outputs di-
rectly interpretable: a non-expert can read a verdict,
see the exact clause that supports it, and immedi-
ately recognise the cases the system has deferred—
those labelled Human Required (confidence below
the 0.60 threshold) or Insufficient Information—as

the ones warranting manual review. Because each
decision is linked to its source provision and evi-
dence, the report is auditable clause by clause. The
user can export the complete report as a structured
JSON file, and the system persists a browsable his-
tory of prior runs, enabling iterative auditing and
comparison across documents and over time. The
application itself runs locally: documents are never
uploaded to a third-party web service, and the only
external call is to the language-model provider cho-
sen by the user, which can be a self-hosted open-
weight model for fully air-gapped deployments. A
step-by-step visual walkthrough, worked example
outputs, and implementation details are provided in
App. A, B, and C. Additionally, the released system
includes the full rule definitions, implementation
details, prompts, example inputs and outputs, and
materials needed to reproduce the demo.

6 Conclusion

We presented ARCCS, an end-to-end interactive
system for regulatory compliance checking that
turns a regulation and a target document into an
auditable compliance report. By decomposing the
regulation into atomic, traceable requirements, AR-
CCS can analyse long legal and policy documents
requirement by requirement, grounding each deci-
sion in retrieved evidence, confidence scores, and
explanations rather than relying on a fixed check-
list or hand-crafted rules. Our evaluation demon-
strates strong performance in both policy-document
compliance and deterministic public-procurement
checking, showing that the same architecture sup-
ports evidence-grounded assessment and accurate
rule-level violation detection. Together with the
openly available, on-premise demo, this positions
ARCCS as a transparent tool for human-in-the-
loop regulatory review.

Limitations

Several limitations qualify our findings and outline
directions for future work.

Absence of a human gold standard in the GDPR
setting. For the terms-of-use experiments no de-
terministic ground truth exists, so we rely on an
LLM-as-a-judge protocol. While inter-judge agree-
ment is substantial overall (Fleiss’ κ = 0.69),
agreement between some evaluator pairs is only
moderate and not statistically significant (Cohen’s
κ = 0.47, p = 0.19), and model-based judges may



share systematic biases. A rigorous human evalua-
tion by qualified legal experts is needed to validate
these results and is left to future work.

Controlled rather than naturally occurring data.
Because violations are sparse in real procurement
logs, the procurement benchmark consists of con-
trolled traces built on the TED schema with delib-
erately balanced violations. This design enables
reproducible, deterministic evaluation, but perfor-
mance on naturally occurring, noisier logs may
differ, and the externally defined ground truth re-
flects our operational formalisation of the Directive
rather than adjudicated legal outcomes.

Limited scale and scope of evaluation. The
judged GDPR sample comprises 90 instances, and
the quantitative benchmark covers 100 traces un-
der a single Directive. Our study also spans only
two regulatory regimes (the GDPR and Direc-
tive 2014/24/EU) in English; generalisation to other
legal domains, jurisdictions, and languages remains
to be demonstrated.

Model coverage and configuration. Although
ARCCS is designed to be model-agnostic, the
reported experiments use only the GPT-5 fam-
ily through a commercial API. We have not yet
quantified performance with open-weight, fully
on-premise backbones, which is the configuration
most relevant to confidential deployments. Like-
wise, the decision thresholds (the Human Required
confidence threshold of 0.60 and the retrieval
threshold τ ) were fixed rather than systematically
calibrated, and the residual rule-level errors are
dominated by false positives, leaving headroom—
most visible in the exact-match metric—for im-
proved fine-grained calibration.

Scope of intended use. ARCCS is a decision-
support tool, not a substitute for professional legal
judgment. Its outputs are intended to assist ex-
pert review through transparent, evidence-linked
reports, and consequential compliance determina-
tions should remain subject to human oversight.

Ethical Considerations

ARCCS is a decision-support tool and is not a
substitute for professional legal judgment; it must
not be used to make final, consequential compli-
ance decisions without expert oversight. Several
risks follow directly from the task. (i) False neg-
atives—a missed violation—could create a false

sense of safety; we therefore tune the system con-
servatively (recall at or near 1.0 in our procurement
experiments) and surface confidence and evidence
so users can prioritise review. (ii) False positives
and hallucinated legal interpretations could mis-
lead non-expert users; to mitigate this, every out-
put is grounded in retrieved source text, every NC

flag is presented as a candidate conflict for human
verification, and the Insufficient Information and
Human Required labels make abstention explicit
rather than forcing a verdict. (iii) Over-reliance
and accountability: the interface presents verdicts
as reviewable flags with citations, and we document
that legal responsibility remains with the human
user. (iv) Privacy: the application runs locally
and processes documents on the user’s own ma-
chine; when a hosted model API is used, only the
user’s chosen provider receives the text, and a self-
hosted open-weight model can be used for fully
air-gapped operation. We make the code and data
public to support scrutiny and reproducibility, and
we caution that deployment in a new jurisdiction or
legal domain requires validation by qualified legal
experts.
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A Demonstration Walkthrough

This appendix provides a visual walkthrough of
the ARCCS web interface (Figure 2), which is de-
signed for users without programming experience.
The interface abstracts away model configuration
and pipeline orchestration, exposing the end-to-
end compliance workflow through three sequential
steps (Figure 2).

Step 1 – Upload the regulation. The user up-
loads a regulatory document or selects one of the
preloaded regulations, such as the GDPR. Inter-
nally, this input is passed to the RPEM, which
performs hierarchical segmentation and atomic re-
quirement extraction.

Step 2 – Upload the target document. The
user uploads the policy or terms-of-use document
to be assessed. This document is segmented
into passages that serve as the evidence pool for
the retrieval-augmented compliance reasoning per-
formed by the CCM.

Step 3 – Inspect the compliance report. Af-
ter execution, the interface renders a structured
compliance report. A summary panel reports the
counts of the four compliance labels, followed by
a per-requirement breakdown in which each entry
shows the governing provision, the assigned label,
the confidence score, the retrieved evidence, and
a natural-language justification. During execution,
the interface additionally streams real-time logs
that expose pipeline progress, and it preserves a
history of prior runs to support iterative auditing
and cross-document comparison.

B Qualitative Example

This appendix gives representative ARCCS out-
puts for two labels, using GDPR checks against
WhatsApp terms of use. Detailed examples for all
labels and all evaluation inputs used in the paper
are included in the released demo.

Example 1 – Compliant (GDPR Article 2)

Compliance Status: COMPLIANT

Confidence: 0.78
Regulation: GDPR Article 2 – Material scope
Target: WhatsApp Terms of Service
Evidence from Document.

“WhatsApp’s Privacy Policy describes
our data (including message) prac-
tices. . . and your rights in relation to the

processing of information about you.”

Explanation. GDPR Article 2 defines the material
scope of the Regulation. The document is a Terms of
Service that references a separate Privacy Policy for
data-processing practices; it neither claims that the
GDPR is inapplicable (e.g., as purely personal/house-
hold activity or competent-authority processing) nor
states that it applies where it should not. No direct
conflict with the material-scope provision is present.

Example 2 – Non-Compliant (GDPR Ar-
ticle 5(1)(d))

Compliance Status: NON-COMPLIANT
Confidence: 0.62
Regulation: GDPR Article 5(1)(d) – accuracy princi-
ple
Target: WhatsApp Terms of Service
Contradiction Details. Article 5(1)(d) requires per-
sonal data to be accurate and kept up to date, and
obliges controllers to erase or rectify inaccurate data
without delay. The document includes a broad dis-
claimer of accuracy, which conflicts with this princi-
ple.
Evidence from Document.

“We do not warrant that any information
provided by us is accurate, complete, or
useful. . . ”

Explanation. The accuracy principle is a manda-
tory obligation on controllers. The Terms explicitly
disclaim any commitment to accuracy, and no other
clause re-establishes a commitment to maintain or
rectify accuracy; this directly conflicts with the regu-
latory requirement.

C Implementation Details

ARCCS is implemented in Python as two mod-
ules, RPEM and CCM, exposed through both a
lightweight web application and a research note-
book. The RPEM parses regulatory PDFs with
the unstructured library (high-resolution strat-
egy, backed by poppler), converts the parsed el-
ements to markdown, and segments the text into
sections by headers, articles, and chapters. Each
section is passed to the language model, which
returns typed, schema-constrained regulatory ob-
jects; a quality-scoring stage then filters out incom-
plete or non-actionable items below a configurable
threshold. The CCM performs contradiction-based
compliance reasoning: for each requirement it re-
trieves the relevant document evidence, conditions
the decision on that evidence, and emits a label,
a confidence score in [0, 1], the supporting evi-
dence quotes, and a justification. The four-way
decision follows a fixed priority—a detected con-
tradiction yields Non-Compliant; absence of rel-



Figure 2: The ARCCS web demonstration interface, designed for users without programming experience. The
workflow takes a regulation and a target document as input and returns an auditable, evidence-linked compliance
report.

evant information yields Insufficient Information;
a confidence below 0.60 yields Human Required;
otherwise Compliant.

The web layer is a Flask application with a
browser front-end (a dark-themed three-step wizard
with drag-and-drop upload, a results table, and a
per-row detail view). Pipeline progress is streamed
to the client in real time via Server-Sent Events.
Reports are stored as structured JSON and can be
exported by the user; in addition, the system main-
tains a per-run history (timestamped snapshots plus
a latest pointer per case) that supports auditing
and cross-run comparison. The application runs en-
tirely on the user’s own machine (python app.py,
served locally); the user supplies their own model
API key, which is read from the local environment
and never bundled with the code, so that confi-
dential regulatory and proposal documents remain
on-premise. End-to-end latency is dominated by
language-model calls and is reduced in practice
by caching pre-extracted regulation sets (e.g., the
preloaded GDPR), which makes repeated checks
against the same regulation near-instant on the ex-
traction side.

D Model Cards

For full reproducibility, Table 6 lists the exact
model snapshots used in our experiments, together
with the role each model plays in the study. Un-
less otherwise stated, the ARCCS backbone is
gpt-5.2 with reasoning effort set to medium, and
the confidence threshold for emitting the Human
Required label is fixed at 0.60. All models are ac-
cessed through the OpenAI API; no model-specific
fine-tuning is performed.

Model Snapshot

gpt-5.2 gpt-5.2-2025-12-11
gpt-5.1 gpt-5.1-2025-11-13
gpt-5.2-pro gpt-5.2-pro-2025-12-11
gpt-5.4 gpt-5.4-2026-03-05
gpt-5-mini gpt-5-mini-2025-08-07

Table 6: Exact model snapshots used in the experiments.
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