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Abstract

Wikidata is one of the world's most important data assets. It is used by search engines,
virtual assistants, fact checkers, and in over 800 Wikimedia projects. Wikidata contains 1.65
billion statements about over 116 million data items, edited by nearly 25 thousand editors.
Manually checking whether Wikidata statements are supported by references is a slow
process that does not scale with size. Given the overall number of statements to check, the
collaborative nature of Wikidata, and the fact that referenced documents can change over
time, preserving the quality of the references is an onerous process requiring continuous
intervention. This paper present ProVe — a tool to assist in the automatic verification and
assessment of the quality of the references of Wikidata items.
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Introduction

A Knowledge Graph (KG) is a large network of interconnected entities, encoding their
properties and relationships to one another (Krotzsch and Weikum 2016; Paulheim 2016).
KGs serve as sources of machine-readable and semantically structured data used by
several web applications, including Wikipedia infoboxes, search engines, and voice-
activated assistants, amongst others (Ji et al. 2022; Malyshev et al. 2018). In most KGs,
information is stored as a set of statements, semantic triples of the form (subject, predicate,
object), denoting a property of the subject in the triple (Farber et al. 2018). Ensuring KGs are
trustworthy depends on well-documented and verifiable provenance to the information they
encode (Zaveri et al. 2016). For example, if the statement “beer is bitter” is encoded in a KG
by the triple (beer, has characteristic, bitterness), this triple should reference a source
which supports the statement.



Mechanisms that help to evaluate and ensure the quality of information provenance are
thus crucial to the verifiability of KGs (Zaveri et al. 2016; Piscopo et al. 2017; Wang et al.
2021). However, such processes are currently mostly performed manually (McAndrew and
Strathmann 2021) and do not scale with size. Yet, onvital KGs such as Wikidata and DBpedia,
manual verification is prohibitive due to their sheer size (Piscopo et al. 2017)—Wikidata has
currently over 1.65 billion statements—and more support to assist with verification is
needed.

ProVe (Provenance Verification) leverages research conducted for and evaluated by the
Wikidata community, responding to their data assurance needs (Amaral et al. 2021; Amaral,
Rodrigues and Simperl 2022; Amaral, Rodrigues, and Simperl 2023). It consists of an add-
on user interface embedded in Wikidata’s editing pages (a Wikidata gadget) and web API,
which use Natural Language Processing (NLP) models, public datasets on data
verbalisation and fact verification, and rule-based methods.

Given a Wikidata statement and an external URL reference (e.g., through the P854
property or an external identifier property that has formattable URLs), ProVe verbalises the
statement, automatically retrieves the referenced document and looks for the passages
within it that are relevant to the statement’s claim. ProVe then evaluates the overall stance
of the referenced document with respect to the statement, displaying the stance along with
the most relevant passage found as justification. This process is repeated for all statements
whose subject is the given item, with the results summarised in a convenient, unobtrusive
table.

ProVe is work in progress, but we have an MVP whose functionality is described in this
paper, along with important technical details about the reference evaluation process. The
paper then concludes with a discussion of limitations and plans for future work.

Related work

FEVER (Fact Extraction and VERIification) (Thorne et al. 2018) is a large dataset containing
over 185K claims, that can be used for fact verification against textual sources. Despite its
general applicability, claim verification in KGs faces additional challenges because
statements need to be turned into sentences first. This “verbalisation” process needs to
consider important assumptions about the way information is represented in the KG (more
on this later). ProVe employs FEVER for some natural language tasks (see the Reference
Verification Process section).

Severalworks have previously focused on the verification of the quality of information
in KGs (McAndrew and Strathmann 2021; Piscopo et al. 2017; Wang et al. 2021; Zaveri et al.
2016; Amaral, Rodrigues, and Simperl 2023; Amaral, Rodrigues, and Simperl 2022; Amaral
et al. 2021). However, to the best of our knowledge, ProVe is the only available tool
integrated within Wikidata and based on published research that automates the reference



verification process. ProVe has been running since Summer 2024, even though we only
started collecting detailed usage information since March 2025. Our statistics show we have
been receiving around 400 requests a day, coming from 22 countries and all continents.

General Overview

Figure 1 gives an overview of ProVe’s architecture. It consists of the main server that
processes user requests submitted from the gadget or APl; ML models within it used for
some natural language tasks; a web service and APl which can be used in external
applications; a Wikidata gadget that interacts with editors and summarises the assessment
of references of individual items; and the main database storing the results of evaluations
for future analyses.
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Figure 1. Overview of ProVe's system architecture

Wikidata Gadget

Most users can easily interact with ProVe via its gadget, which can be installed according to
the instructions found on Wikidata’s project page for the tool. Once installed, the gadget

works within Wikidata’s item editing page, systematically checking externally referenced
statements. For each statement-reference pair, ProVe will then display the computed
support stance of the referenced document along the most relevant passage found within
the document. This is all conveniently displayed in a sortable table, with links to the editing
sections within the page for each of the statements. All individual statement-reference
quality assessments are then combined to give a number in the [-1,1] interval—ProVe’s
quality score for the item. This is displayed within the Wikidata page (see infobox, bottom
right of Figure 1), but can also be retrieved programmatically for analysis outside Wikidata
(see below).



Web API

The gadget is intended for simple, item-oriented information about the quality of external
references of statements. For programmatic applications that need information about
multiple items at specific points in time, ProVe provides a Web API too. Through the API,
external applications can check whether the references of items have been previously
analysed, request them to be (re-)evaluated, obtain summarised and comprehensive
evaluation results, as well as historical evaluation data.

Reference Verification Process

The general workflow of ProVe’s reference verification process is shown in Figure 2. Foreach
statement and associated external reference, ProVe first verbalises the statement (A), then
retrieves the text of the referenced document, removing markup elements and segmenting
itinto passages (B). Passages are then ranked according to their relevance to the verbalised
statement (C), and the support stance of the most relevant passages with respect to the
statement analysed. The overall support stance of the referenced document for the
statement is computed and provided along with the evidence found (D). This is typically the
passage within the document found to be the most relevant to the verbalisation of the
statement. Finally, the results for each statement-reference pair are aggregated to give the
user the item’s ProVe score (E). Further details of each step are given below.
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Figure 2. Overview of the reference quality evaluation process

Verbalisation

Although the verbalisation of a statement such as (beer, has characteristic, bitterness) is
arguably simple, in general there are several hurdles to overcome. Firstly, components of a
statement <subject, predicate, object> are provided with a set of alternative labels
describing the component, and a judicious choice for a suitable label needs to be made.
Secondly, there are implicit assumptions about the roles played by the subject and object
of the relationship, as well as what the relationship is used for. For example, in the triple
<william, child, george> the intended meaning is that the subject of the statement is the
parent, and its object is the offspring. Although just conventions, these assumptions need
to be considered to produce faithful verbalisations. To generate verbalisations that are
fluent and resemble natural text, ProVe employs a T5-base model (Raffel et al. 2020) fine-
tuned on the WebNLG 2017 dataset (Gardent et al. 2017). As part of original research done



to underpin ProVe, a dataset with verbalised Wikidata statements was generated and made
publicly available (Amaral, Rodrigues and Simperl 2022).

Text Retrieval

Layout and other structural information embedded into referenced documents make the
extraction and meaningful re-combination of text non-trivial. In addition, the text itself can
contain semantical constructs spread across sentences making ad-hoc segmentation not
suitable for subsequent entailment evaluation of the passages. ProVe employs several
custom rules to transform and remove HTML markup, after which the text is segmented
using spaCy’s sentence segmenter with the en_core_web_[b model (Honnibal et al. 2020).
Pairs of consecutive segments are generated to cater for constructs such as pronominal
anaphora, and single and combined segments are sent for subsequent passage selection.

Passage Selection

Once the claim has been verbalised and the referenced text segmented into passages,
passages are ranked according to their relevance to the claim (independently of their
support stance, which is analysed later). ProVe uses a pre-trained BERT transformer
(Soleimani, Monz, and Worring 2020) fine-tuned on the FEVER dataset to give each passage
a relevance score in the interval [-1,1]. Since some of the passages overlap (due the
combinations described in the previous step), ProVe only keeps the five highest ranked
passages that do not overlap along with their relevance scores. The scores are used in the
claim verification step below.

Claim Verification

Evaluating the support stance of the referenced document for the statement as whole is
performed in two stages. First, the stance of each of the most relevant passages is evaluated
by a pre-trained BERT model (also fine-tuned on FEVER) for recognising textual entailment
yielding a probability distribution for the classes supportive, refuting, and not enough
information (i.e., inconclusive). At a second stage, the relevance scores of all passages
selected along with their support stance probability distributions are aggregated to give an
overall strength and support stance of the document for the statement.

ProVe Score (E)

Evaluating the support of individual statements by their external references is critical, but
for editors working on items, an overall indication of the support for the item is also very
important. Since a Wikidata item T can appear as the subject of many statements, each of
which can have many references, the support stances of the item’s statements need to be
aggregated. This is done as follows. Let S(T)=[s1,...,sn] be the support stances for all
statement-reference pairs of the item T calculated as described in the claim verification step



above, where the value si (i=1,...,n) is either -1 for refuting references, 0 (for inconclusive),
or 1 (for supportive). The ProVe score foritem T, in symbols PS(T), is calculated as the sum
of values in S(T) divided by n.

It should be easy to see that PS(T) is avalue in[-1,1] with the following intended meaning.
Positive values indicate that the number of supporting references surpasses the number of
refuting references and negative values indicate the opposite. In either case, inconclusive
references bring the score closer to 0. As a result, proximity to 1 is associated with “good”
quality of the references; proximity to 0 is associated with inconclusive or missing
references; and proximity to -1 indicates high levels of disparity between claims and
references. Of course, there is scope to provide customised scores that consider different
types of statements and references.

The ProVe score of an item along with a summary of the total of references in each stance
category is shown to editors when the Wikidata page for the item is loaded (see “infobox” at
the bottom right of Figure 1). A summary table with sortable columns and filtering capability
also provides convenient links to statements for potential correction of references (see
Figure 3).
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Figure 3. ProVe’s main user interface in Wikidata

Users can request the computation or re-computation of scores by pressing appropriate
buttons in the interface. The scores allow users to factor in reference information in the

! For completeness, ProVe classifies irretrievable references as inconclusive since it cannot evaluate their stances w.r.t. their claims.



prioritisation of items to edit and to perform custom analyses with the extra information
provided via the web API, e.g., the progress achieved in reference quality improvement of
specific items.

Limitations

ProVe can take any non-ontological KG triple as long as its components are accompanied
by labels in English. This requirement is because the NLP modules so far have only been
trained for English. Extensions to other languages are under consideration. ProVe focuses
on external references only, since these are arguably harder to verify. In addition, visual
elements, such as pictures and charts, can serve as evidence for KG statements. However,
the automated extraction of text from these types of evidence in a format that language
models can understand is not trivial and ProVe cannot deal with them yet. ProVe employs a
combination of techniques (including pre-trained sentence segmenters) to extract
passages from various forms of structured text, e.g., within tables, but this is not always
effective. Finally, we are working towards parsing PDF documents too, but this is not yet
operational.

Community Involvement

We welcome suggestions of the community for improvements to ProVe and the
development of new functionality. Users can register interest by adding their names to the
tool’s participants list.

Discussion and Future Work

ProVe is limited to the verification of statements presented as triples, not being directly
applicable to actual sentences in natural language. Hence, it cannot be used in applications
such as Wikipedia. However, it is technically possible to skip the verbalisation phase (step
(A)in Figure 2), replace the verbalised statement by a sentence of interest, and continue the
evaluation process from there. For this to be effective, we would need a mechanism to
properly extract from the input text the sentence we would like to verify and ensure the NLP
model(s) employed in the relevance and entailment tasks are suitable for the domain of the
text. This is left as a potential future extension.

We have identified particularly challenging types of references that would benefit
from special treatment in the text retrieval phase (step (B) in Figure 2). Alternative
mechanisms for text segmentation for use in subsequent textual entailment recognition are
under consideration. Finally, we would like to make available to end users more of the
information obtained during the evaluation process. This is more easily done by modifying
the end points of the Web API, although further tweaks to the Wikidata gadget are also
possible.
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