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Abstract
EUR-Lex and its repository CELLAR make EU legislation freely
available and machine-retrievable, but the cross-reference meta-
data they expose for legislation is essentially document-level
and incomplete. Many legal automation tasks instead need each
reference resolved to the provision it points to. We introduce
an annotation scheme that pairs each reference, as a span in an
act’s text, with its target provision, and a ground-truth corpus
of about 4,500 annotations over four EU acts, built by manu-
ally correcting the output of a mostly deterministic extraction
pipeline. Measured against this corpus, two maintained EU link-
ers, the Commission’s Ref2Link and LegalViz.EU, resolve the
references they find well but miss most mentions, in particular
indirect references that do not name their target. We also fine
tuned and test a RoBERTa-large model, on our corpus using a
cross-validation approach. It reached a high F1 score for detect-
ing references on the validation sets. The dataset and code are
available at https://github.com/JakobVokac/EURLex_CrossRefe
renceDataset_SiKDD2026.
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1 Introduction
This work is one part of a larger effort to convert EU legislation
into formal representations, in three stages: a structural knowl-
edge graph of the legal text, whose nodes are the act’s structural
units and whose edges are the references between them; an on-
tology derived from the text; and a first-order logic world model
built from the graph as source and the ontology as grounding.
The motivation is to explore how different representations of
legal text help an LLM agent acting as a legal assistant produce
trustworthy and traceable reasoning paths, following previous
work on building world models with LLMs in the educational
domain [20]. The first stage is the problem of resolving cross-
references: a reference reading point (a) of Article 6(1) is not an
edge in any graph, and cannot be formalized or retrieved on its
own, until that phrase is replaced by an unambiguous address of
the unit it designates.

EU legislation is a favorable setting. CELLAR, the repository
behind the EUR-Lex database of European Union law, serves
every act as Formex, the XML dialect EUR-Lex uses to structure
legal texts, whose markup fixes the units a reference can address
— article, paragraph, subparagraph, point, annex — so the target
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space is closed and a resolution can be scored exactly rather
than judged. Formex does not, however, resolve the references
themselves. Prior work resolves legislative references in other
jurisdictions, and two maintained linkers do so for EU law; none
produces what this effort needs (see Related Work). Near-total
reliability is nonetheless reachable, because both halves of the
problem are constrained: Formex gives a well-defined structure
to address, and EU drafting follows codified citation conventions
[11, 24]. What remains is a residual of forms those conventions
do not cover.

While one might be tempted to simply use an LLM agent
with the proper tooling for finding references and retrieving the
appropriate pieces of text, however, that approach is arguably
unsuitable for the scale of this task. Querying CELLAR shows
EUR-Lex holds roughly 1 million legislation documents docu-
ments and further documents covering individual legal disputes
that might be applicable to individual interpretations of a legal
problems, and the four documents covered in this work span
already roughly ∼4.5 thousand references. As such one can rea-
sonably assume the total number of references spanning EUR-Lex
would be in the hundreds of millions. Finding, disambiguating
and retrieving the span of text for each such reference through
an LLM approach would likely be prohibitively expensive.

As such, a more scalable approach must be devised. The work
described in this paper makes the following contributions to-
wards this:

(1) An annotation scheme pairing each mention, as a char-
acter span in the act’s parsed source text, with a canonical
target — a CELEX key, the identifier for most documents
on EUR-Lex, and a subdivision path in the style of the Eu-
ropean Legislation Identifier (ELI) — and the conventions
the hard constructions force: conjunction under a shared
qualifier, expanded ranges, several targets on one span,
unnamed subparagraph steps.

(2) A ground-truth corpus of ∼4,5k annotations carrying
∼5,5k targets over four acts (GDPR, DSA, AI Act, SSM
Framework Regulation).

(3) A construction method built for expansion: a staged
extraction pipeline, mostly deterministic with LLM assis-
tance for edge cases covering 0.35% of references, whose
output a human reviews and corrects until a ground truth
is reached.

2 Related Work
No freely available dataset publishes references and targets as
defined in Section 3: mentions anchored as spans in the act’s
own text, every occurrence annotated, each resolved to a sub-
document address. We are aware of no published evaluation of
any system that extracts them. Two rule-based linkers come
closest, and both compute what this dataset annotates without
releasing it. Measured against the ground truth (Section 3) intro-
duced here, they resolve direct mentions well and largely miss
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Table 1: Comparison of existing datasets and methods for annotations of references in legal text to other documents or
parts thereof (cross-references). Corpus - what set of documents the work covers. Reference classes covered - types of
references covered (internal, external, document vs. sub-document, etc..). Annotations released - resulting dataset size.

Resource Corpus Reference classes covered Annotations released Ref.

Annotated resources

CDM / ELI metadata EU, all of EUR-Lex act-to-act citation edges targets only, no mentions [16, 23]
Legal NER corpora DE, BR, IN, US, UK reference strings, unresolved 8.8k–93k spans, no targets [3, 13, 14,

17, 21, 27]
LegalNERo RO national named citations 3,387 spans, document-level

ELI
[22]

Legal Linking US constitutional named and short-form cites 1,241 paragraphs, provision
targets

[29]

Darji et al. DE court decisions statutory citations in judicial prose 2,944 records, subdivision tar-
gets

[7]

LegalPincite EU case law (CJEU) case- and paragraph-level citations paragraph-level links [25]

Extraction methods

National resolvers NL, LU, JP, GR, DE named citations, internal structural none [1, 2, 4, 6, 8,
26, 30]

Ref2Link EU, 24 languages direct mentions; orphan citations listed as future
work

none [9, 10]

LegalViz.EU EU, EUR-Lex direct and bare internal; no anaphora, pro-forms
or insertion context

none [15]

This work

Proposed corpus EU legislation, 4 acts direct and indirect: anaphora, pro-forms, defined
short names, positional, insertion context

4,402 spans, 5,452 sub-
document targets

indirect ones (mentions that do not name their target in their
own wording, but derive it from the surrounding context), which
account for roughly 75% of our annotations. Table 1 shows the
succinct picture.

EU citation networks draw their edges from cataloged meta-
data rather than from text [16, 23]. The Common Data Model
(CDM) behind CELLAR does carry sub-document detail, but it is
a case-law product: of 1.34M such annotations only 898 have a
legislative citing work, and none of the 162 citation edges of the
four acts studied here carries one. It is incomplete at document
level too: its 64 outgoing citations for the AI Act reach 47 of the
187 distinct external acts the text cites.

Sub-document resolution from legal text with target resolution
does exist, but only for national law [1, 2, 4, 6, 8, 26, 30]. All of it
resolves by deterministic construction from the citation’s surface
form (instrument type, year, number), which by design never
meets a reference whose target the wording omits.

Released datasets resolve references, or cover EU legislative
text, but never both. The closest comparable work decomposes
German references into 21 resolved fields, but is drawn from
court decisions [7]; the larger legal named-entity-recognition
(NER) corpora make a law or statute type their largest class [3,
13, 14, 17, 21, 27]. EU sub-document work exists on case law [25,
28], both excluding references to legislation, or hand-built [12].
The nearest adjacent work covers the same three regulations
one layer up, extracting deontic obligations into graphs that
presuppose resolved targets [5].

Two maintained linkers compute what this dataset annotates,
and publish neither the spans nor an evaluation. Ref2Link (Com-
mission Legal Service, EUPL-1.2) emits a CELEX, an ELI subdivi-
sion URL and a character offset [9, 10]. LegalViz.EU (Maastricht
Law & Tech Lab, GPL-3.0) parses the same Formex source [15].

Tested against our dataset, both fall well short on detection, as
Section 4 shows.

3 Annotation Scheme and Corpus
For our dataset annotation scheme we require clear definitions of
what constitutes a reference and what its target is; together they
fix exactly what the corpus annotates and what it leaves out.

Reference. A reference is a mention that explicitly designates
one or more units of legislative text (a whole act, or a part, ti-
tle, chapter, section, article, paragraph, subparagraph, point or
annex within one) whether or not the wording identifies which
unit; indirect mentions such as that Directive or Article
4(2) thereof are references too. We annotate the mention as
a character span in the act’s own parsed source text, and we
annotate every occurrence, not only each distinct unit referred to.
A mention extends across conjoined units only where a shared
qualifier governs all of them: Article 5 and Article 6 of
that Directive is one mention, since of that Directive dis-
tributes over both, whereas point (a) of Article 6(1) or
point (a) of Article 9(2) is two, since each head carries its
own qualifier. A mention begins at the unit designation, not at the
words describing its content: in the requirements laid down
in Article 35(2) of Directive 2013/36/EU, the mention
is Article 35(2) of Directive 2013/36/EU.

Not references. A mention of content that designates no
unit (e.g. ..the rules on data portability..) is not a ref-
erence, nor is a mention of a body rather than a text, such as
the European Council. We also leave out structural text such
as labels, headings and tables of contents.

Target. The target is the canonical address of the unit des-
ignated: a CELEX key with an ELI-style subdivision path, as in
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Figure 1: Illustrative example of a reference converted to a
target.

Figure 1. The key identifies the act; /oj selects the version as pub-
lished in the Official Journal rather than a later consolidated one;
and the path names one structural unit per step, including steps
the wording leaves implicit. A mention naming several units
carries several targets on one span, and ranges are expanded.
Instruments outside EUR-Lex are keyed to another authority, as
ext:std:iso-iec-17065.

Corpus. The corpus covers four regulations — the GDPR, the
Digital Services Act, the AI Act and the SSM Framework Regula-
tion — carrying 4,509 annotated mentions and 5,452 targets (942,
1,167, 1,888 and 512 mentions per act, in that order); 451 men-
tions carry more than one target, and 5 targets are left explicitly
unresolved. 4,402 mentions are anchored by character offsets;
the remaining 107 were recorded by the reviewer without a span
and are excluded from the span-level label set.

Construction. Annotation follows a recommend–revise
scheme. A staged extraction pipeline proposes every candidate
mention together with its target, and one human reviewer
accepts, re-targets, rejects or adds, working in an interface that
renders the act as published. The ground-truth is final pipeline
independent file that correctly annotates all references in the
review document.

Pipeline. The pipeline uses Formex as its input. Stage A parses
Formex into a typed tree of citable units with ELI-style ids, and
Stage B is a deterministic grammar over that immutable text;
Stage C binds anaphora and pro-forms, and Stage D resolves
footnote citations to a CELEX key. Every target any stage emits
is validated against the registry built from the act’s own parse, so
a proposal addressing no unit that exists is never shown. Model
calls are confined to two narrow jobs: binding bare anaphors,
and one tier of footnote resolution.

Limits. There was only one annotator, who is not a legal ex-
pert, for the entire dataset. And because the reviewer works from
proposals, a reference no rule proposed enters the corpus only
if the reviewer spots it unaided; the 107 span-less annotations,
2.4% of the total, fall under that category.

4 Evaluation
Protocol. Every system is scored by one procedure against one
gold set: the 4,402 mentions carrying character offsets, across all
four acts. A gold mention counts as found when a system pre-
dicts at least one non-whitespace character inside it (boundaries
vary by system and whether the mention span is fully identi-
fied is relevant, and expressed, in the target resolution accuracy).
Identical prediction spans count once, and target accuracy is
computed only over the mentions a system found, so detection

Table 2: Mention (reference) detection (P - precision, R -
recall, F1 - score) over the ground-truth references & target
accuracy over the references each system found (where
applicable).

System P R F1 Target

Rule-based linkers
Ref2Link 0.890 0.206 0.335 0.791
LegalViz.EU 0.765 0.406 0.531 0.881

Lexemo RoBERTa-large
zero-shot 0.859 0.758 0.805 N/A
fine-tuned 0.946 0.993 0.969 N/A

and resolution do not confound. Neither linker has a notation for
the unnumbered subparagraph step, so the subpath comparison
tolerates it. One class of references, descriptive mentions, is held
out of the scored export, and no figure here covers it.

Detector baseline. To test whether the corpus supports a
learned fallback for acts no grammar has been written against,
we fine-tune a token classifier on it. Lexemo’s roberta_large_
legal_act_extraction [18] is the only public checkpoint we
found that extracts legal acts and articles from English EU leg-
islative text; it is RoBERTa-large [19] and already task-adapted,
so the zero-shot row is a strong baseline rather than a naive one.
The original model had a 23-label head, which we collapsed to a
single detected class. The fine-tuned model was trained and eval-
uation with cross-validation (3 training, 1 validation document
split).

Reference detection. Fine-tuning on the corpus significantly
improves the RoBERTa model performance. Mention F1 rises
from 0.805 to 0.969. Additionally, fine-tuning the model raises the
number of detected references that are correctly spanned from
13.5% to 94.5%. Ref2Link [9, 10] is an external-citation linker
by design, and on external citations its recall (0.732) is ahead of
LegalViz’s (0.677). When accounting for all (internal and external)
references in the proposed corpus, its recall drops significantly
as shown in Table 2. This is because 72.5% of references in the
corpus are internal. LegalViz [15] performs better on internal
citations, yet still detects only 40.6% references overall.

Target resolution.On target resolution accuracy, both linkers
are strong, and on external citations nearly identical: LegalViz
0.786, Ref2Link 0.789. LegalViz’s higher performance in Table 2
is primarily due to its ability to detect internal references. The
largest gap this corpus exposes for these two methods is on
detection, not resolution.

Pipeline The dataset construction pipeline cannot be directly
compared to any of the previous methods as it was built on the
dataset documents themselves. The pipeline, when run on the
corrected ground-truth gives: without the LLM feature — an F1
score of 0.985, and 0.999 target resolution; with the LLM feature
— an F1 score of 0.986, and 0.998 target resolution.

5 Conclusion
We present an annotation scheme for references in EU legal
documents, pairing each mention with a canonical target at sub-
document granularity. Its purpose is to create a structural knowl-
edge graph that keeps the text entire, connected along the refer-
ences running within and between acts. We know of no existing
resource that releases such annotations, or an evaluation over
them.
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We built a ground truth to that scheme by recommend–revise:
a staged, mostly deterministic pipeline proposes every mention
and its target, and a human reviewer accepts, corrects or adds.
It spans four acts — GDPR, DSA, AI Act, SSM Framework Reg-
ulation — and holds 4,509 annotated mentions carrying 5,452
targets, available on [https://github.com/JakobVokac/EURLex_C
rossReferenceDataset_SiKDD2026].

Measured against the corpus, the two maintained linkers find
20.6% and 40.6% of the annotated mentions, because indirect and
act-internal references lie outside what they attempt; on the tar-
get resolution they both perform well. Fine-tuned on the corpus,
a RoBERTa-large classifier finds 99.3% of the mentions in acts
held out of its training. As such, given a large enough dataset, it
can provide a better alternative for linking EUR-Lex legislation.
That being said, a separate model would have to be trained specif-
ically for target resolution, whose performance would have to
at least match the existing linkers to make the entire approach a
suitable alternative. Another caveat worth mentioning is that the
documents selected are all relatively recent additions and mostly
in the same area (apart from the SSM Framework Regulation). As
such, the referencing styles are likely to coincide heavily, making
overfitting a possible (at least partial) explanation for such good
performance from the trained model.

Four acts are too few to predict how a method behaves across
EUR-Lex, and the annotations carry one reviewer’s judgment.
Future work is to expand the corpus to a size on which a general
method can be trained to an accuracy reliable enough for real
users.
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