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Abstract
Knowledge graphs have become a fundamental component of modern neurosymbolic AI systems, providing
structured, linked, and semantically rich representations of multi-domain knowledge. While general-purpose
knowledge graphs underpin much of the Web’s contextual data infrastructure, they are typically maintained as
monolithic updates or complex commit histories, disregarding point-in-time states. Consequently, there remains
a critical gap in accessible tooling to extract and reproduce time-resolved versions of large-scale knowledge
graphs. In this paper, we introduce Wikidata-Flashback, a lightweight extraction framework that generates
arbitrary time snapshots from Wikidata’s update history. To validate the tool’s functionality, we produce yearly
snapshots of the KG from the project’s start in 2013 through the end of 2024 and conduct a longitudinal graph
analysis. By enabling precise temporal reconstruction and seamless integration with existing Semantic Web
stacks, Wikidata-Flashback establishes a reproducible foundation for temporal KG research and time-aware AI
systems.
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1. Introduction

Large Scale Knowledge Graphs (LSKGs) have played a decisive role in how the Web evolves and in
how it provides services [1]. With NeuroSymbolic AIs (NeSyAIs) established as a reliable paradigm for
delivering contextualized and hybrid AI solutions, LSKGs s such as Wikidata[2] or DBpedia[3] serve as
foundational sources of information, hosting over a billion triples (each) derived from collaboratively
curated data.

These collaborative Knowledge Graphs (KGs)s are not static; they evolve over time [4]. In Wikidata,
for instance, every contributor edit is stored with a timestamp, resulting in a continuous stream of
updates that change entities, introduce new properties, and correct inaccurate information [5]. Figure
ref fig: knowledgebase shows an example of the complete Wikidata data model structure [6].

In 2025, DBpediaTKG [7] was released as an extension of the official DBpedia extraction process
to generate temporal versions of DBpedia. The framework reconstructs temporal dynamics from
Wikipedia history dumps, yielding over a billion triples and more than 200 million lifespans, enabling
consistent time snapshots of DBpedia [7]. To the best of our knowledge, however, no analogous tool
exists for Wikidata; existing approaches either rely on periodic full dumps that lack edit granularity or
require ad‑hoc reconstruction pipelines that are difficult to replicate.

To address this, we present Wikidata-Flashback, an open-source extraction framework for recreating
snapshots of the Wikidata knowledge base at any given point in time. The framework transforms
Wikidata’s continuous changes and community edits into a fully reproducible KG, along with their
respective difference (delta) files for added and removed triples. To this end, the pipeline first ingests the
edit stream into an intermediate event table composed of (𝒮 , 𝒫 , 𝒪) and the creation (𝑡𝑐, 𝑢𝑐) and deletion
(𝑡𝑑, 𝑢𝑑) user and timestamp identifiers; the event database is then swept in an incremental process to
produce the desired: (i) snapshot, (ii) addition and (iii) deletion deltas.
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Figure 1: Wikidata structure, showing the knowledge base and the community editing logs

We evaluate Wikidata-Flashback by extracting annual snapshots of the entire history of Wikidata
from its inception in 2013 through the end of 2024. Based on that, we analyse the Wikidata evolution
and contrast it with that of DBpedia along multiple dimensions: First, we profile the KGs content,
including the prevalence of entities and relations over time; Second, we study Wikidata’s evolution
from a graph-analytic perspective along several key metrics. Third, we investigate growth patterns
across Wikidata and contrast them with those of DBpedia. These results underscore the richness of
Wikidata’s temporal dynamics and validate the utility of the presented contribution. Finally, the code
to create the snapshots of Wikidata is available on GitHub1

The resulting temporal graph aims to provide the Wikidata community and researchers with reliable,
versioned snapshots of the Wikidata KG and its deltas, facilitating tasks such as temporal reasoning
and incremental query optimisation, among others. The remainder of this paper is organised as follows:
Section 2 reviews related work on KG snapshotting and relevant Wikidata studies; Section 3 details the
architecture of Wikidata-Flashback; With yearly snapshots taken from Wikidata, Section 4.1 presents
an analysis of the KGs, including graph characteristics comparable to a study with DBpedia. Section 4.3
depicts a longitudinal study of Wikidata’s evolution using the produced snapshots, exploring different
growth metrics; finally, Section 6 discusses limitations and outlines future challenges.

2. Related Work

Extensive empirical work has analysed general aspects ofWikidata such as its quality [8], its interlinking
within the Linked Data Ecosystem [9], and the evolution of community-driven schemas [10], but has
typically largely disregarded the temporal dimension. Furthermore, there is also substantial work that
studies the evolution of specific domains within Wikidata, such as the medical domain [11] or scientific
publications [12].

Studies on the evolution of Wikidata as a whole are much more limited. Closest to our work,
Wikidated [13] has similar objectives in that it aims to construct a dataset of Wikidata’s full revision
history as sets of deletions and additions of RDF triples. However, the analyses in the paper are more
limited, and the authors were not able to replicate the pipeline based on the published code in the
repository.2

This work is also motivated by temporal datasets available for other KGs, most notably DBpedia, for
which DBpedia-TKG [7] provides a framework for creating a sequence of temporal snapshots. Given
the substantial differences like DBpedia and Wikidata, however, DBpedia-TKG works quite differently
and re-extracts snapshots by re-running the whole DBpedia extraction pipeline on historic Wikipedia
dumps.

1GitHub Repository: https://github.com/RYFoR/Wikidata-Flashback
2The readme published in 2022 states that the authors are in the process of refactoring the code and preparing the dataset for
initial public release, but no further information has been made available since then.

https://github.com/RYFoR/Wikidata-Flashback


3. Temporal Snapshot Extraction for Wikidata

This section introduces the Wikidata-Flashback pipeline and explains how the raw edit history is
transformed into temporal snapshots of truthy statements with explicit addition/deletion deltas. The
framework was designed with specific key objectives: (i) reproducibility: for a given list of timestamps
𝒯 = 𝑡1 < 𝑡2 < … , < 𝑡𝑘, multiple invocations of the pipeline should produce identical snapshots at
respective time 𝑡𝑖, (ii) scalability: given its size, processing the Wikidata edit history in memory is
generally not feasible on most hardware; the pipeline should therefore enable scalable processing (in a
streaming manner with disk-backed event sweeps).

The pipeline proceeds in two stages:

1. Event database construction builds a statement‑level lifecycle table from the raw page‑revision
dumps, stored in a DuckDB database

2. Snapshot reconstruction: performs an incremental sweep over this event table to yield full
snapshots for arbitrary dates together with explicit addition/deletion artefacts.

These two steps deliver a pipeline that converts continuous Wikidata events into a sequence of
discrete graph states.

Limitations: Note that we restrict snapshot extraction to truthy statements (see Section 3.1); the
triples from the remaining auxiliary structure, such as discussion, edits, comments and unranked triples,
are deliberately omitted from the temporal reconstruction.

3.1. Create the event database

The event database represents Wikidata’s evolution through statement lifecycles, that is, the statement-
level histories of factual and schema-related statements. Each lifecycle records a qualified statement, the
interval during which it was active, and the users responsible for its creation and deletion. Following
the MAPL representation [14, 15], a statement can be expressed as 𝑝𝑟𝑜𝑝𝑒𝑟 𝑡𝑦(𝑒𝑛𝑡𝑖𝑡𝑦 , 𝑣𝑎𝑙𝑢𝑒)@𝑄, where
the context set 𝑄 contains qualifiers, references, and rank information.

Drawing on Annotated RDF [16, 17], the Wikidata edit history is represented as a sequence of
statement lifecycles of the form 𝑝𝑟𝑜𝑝𝑒𝑟 𝑡𝑦(𝑒𝑛𝑡𝑖𝑡𝑦 , 𝑣𝑎𝑙𝑢𝑒)@𝑄[𝑡𝑐, 𝑡𝑑, 𝑢𝑐, 𝑢𝑑]. Here, 𝑡𝑐 and 𝑡𝑑 denote the creation
and deletion times, while 𝑢𝑐 and 𝑢𝑑 identify the corresponding users. When a statement remains active
at the end of the processed history, its deletion time and deleting user are left open. This event-based
representation makes Wikidata’s temporal dimension explicit at the statement level and enables the
active intervals and provenance of factual, schema, and constraint statements to be compared.

The event database is constructed from the Wikidata page meta-history dump of May 20253. This
dump that we use as input is organised as a sequence of page revisions rather than explicit statement
histories. It is constructed by comparing consecutive revisions of each entity. RDF-level differences
between revisions are used to identify statement creation and deletion events, which are then associated
with the timestamp and editor of the corresponding revision. Processing the revisions in their recorded
order provides a reproducible transformation from the selected historical dump to a statement-level
event database.

The reconstruction accounts for Wikidata’s truthy rank semantics. Page revisions contain full
statements and their ranks, whereas direct claimsmust be derived by selecting preferred-rank statements
when they exist or normal-rank statements otherwise. The addition, deletion, or re-ranking of a full
statement may therefore begin or end a truthy statement lifecycle, even when the underlying statement
value is unchanged. The resulting records follow the schema:

(𝒮 , 𝒫 , 𝒪, 𝑡𝑐, 𝑢𝑐, 𝑡𝑑, 𝑢𝑑) (1)

3https://dumps.wikimedia.org/wikidatawiki/
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This provides the basis for reconstructing snapshots at arbitrary points in time and for deriving
truthy-statement artefacts. An entity-to-file index supports targeted retrieval without requiring all
lifecycle files to be scanned.4

3.2. Temporal Sweep and Snapshot Generation

The temporal sweep stage translates the event index built in the previous subsection into a set of
temporally explicit graph states and corresponding change sets. At its core, the driver reads the event
DB table and processes it against an ordered list of supplied timestamps. For each consecutive pair
(𝑡prev, 𝑡curr), the sweep algorithm applies all events whose validity intervals intersect the interval. The
state after applying these transitions is materialised in three distinct CSV-based resulting triple artefacts:
Snapshot file and Deltas (added/removed). Algorithm 1 specifies the sweep algorithm in more detail.

Algorithm 1 Sweep Algorithm for Snapshot and Delta Generation
Require: Event table 𝐸 sorted by (𝑡𝑐, 𝑡𝑑) ▷ 𝑐 creation, 𝑑 deletion
Require: Target timestamps 𝑇 = [𝑡1 < 𝑡2 < ⋯ < 𝑡𝑘]
1: 𝑆 ← ∅ ▷ Current snapshot as a set of triples
2: 𝑖 ← 1 ▷ Index into 𝑇
3: procedure Sweep(𝐸, 𝑇)
4: for all event 𝑒 ∈ 𝐸 do ▷ Apply all events that belong to the current interval (𝑡𝑖−1, 𝑡𝑖]
5: while 𝑖 ≤ 𝑘 and (𝑐𝑒𝑡 ≤ 𝑇[𝑖] ∨ 𝑑𝑒𝑡 ≤ 𝑇[𝑖]) do
6: if 𝑐𝑒𝑡 ≤ 𝑇[𝑖] then
7: 𝑆 ← 𝑆 ∪ {(𝑒𝑠, 𝑒𝑝, 𝑒𝑜)}
8: Record 𝑒𝑡 in Δ+

𝑖
9: end if

10: if 𝑑𝑒𝑡 ≠ ∅ and 𝑑𝑒𝑡 ≤ 𝑇[𝑖] then
11: 𝑆 ← 𝑆 ∖ {(𝑒𝑠, 𝑒𝑝, 𝑒𝑜)}
12: Record 𝑒𝑡 in Δ−

𝑖
13: end if
14: end while

▷ Emit snapshot when we cross a target timestamp
15: if 𝑖 = 𝑘 or 𝑐𝑒𝑡 > 𝑇[𝑖] then
16: writeSnapshot(𝑆, 𝑇 [𝑖]) ▷ Compressed N-Triples
17: writeDelta(Δ+

𝑖 , Δ−
𝑖 , 𝑇 [𝑖 − 1], 𝑇 [𝑖])

18: 𝑖 ← 𝑖 + 1
19: end if
20: end for
21: end procedure

When invoked, the framework skips constructing the events table and instead performs the transition
sweeps directly, thereby reducing I/O overhead on subsequent runs. After completing all intervals. In
summary, the event sweep stage systematically materialises both full graph states and their associated
change sets from an efficient event representation.

4. Characterising the Evolution of Wikidata

Based on the yearly snapshots extracted from Wikidata as described in Section 3, this section analyses
temporal changes withinWikidata over the course of its history from inception until the end of 2024. We
first track its general volume, growth, and addition/deletion dynamics in Section 4.1, then characterise

4https://anonymous.4open.science/r/wikidata_statements_lifecycle_machine-77B0/
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its evolution from a network structural perspective in Section 4.2, and finally focus on what drove the
growth in Section 4.3 by investigating entity-role composition and predicate usage patterns.

4.1. Growth

Yearly Growth Figure 2 plots the yearly growth in terms of number of triples, unique entities, unique
types (𝑝31), and unique relations on a logarithmic scale, showing that Wikidata mainly scaled by adding
facts about more items under a relatively stable vocabulary. Whereas the number of triples grew from
26 million to 1.43 billion, i.e., a factor of approx. 56 from 2013 to 2024, the number of predicates (unique
relations) grew by a factor of 15 (from 780 to 12.000), i.e., the schema remained fairly compact as the
instance layer of the graph exploded. Also evident in the graph is a phase of rapid expansion from
2016 to 2017 (from 121M to 359M triples), which marks the start of massive scholarly imports that also
shifted the graph composition considerably, as we will discuss in Section 4.3.

Figure 2: Yearly growth over the extracted snapshots

Triple Changes Figure 3 focuses on triple additions and deletions, showing high net growth every
year, but with marked variations in three phases: (i) an early stage of continuous organic growth
until 2016, followed by (ii) a phase of rapid expansion from 2017-2021, and (iii) a mature phase with
relatively constant additions (80-96M p.a.) and rising removals (14-21M). Relative to additions, the share
of deletions is rising, from around 2% in 2017 to approx. 23% in 2024 as the graph matures. Next, we
will look at triple lifespans in more detail.

Triple Lifespan Figure 4 illustrates the distribution of triple lifespans, obtained by pairing create
and delete events on the revision-level. Approx. 10% of the added triples – presumably reverts, bot
errors, etc. – are removed within an hour; we see a near-year peak (59%) of triples removed in the
11-12 months interval. Because only triples that were eventually deleted are included in the analysis
(i.e., statements that are still valid were not counted), we can conclude from the low number of triples
deleted after 1 year that a large share that is not deleted after approx. one year is highly permanent.

4.2. Network structure

This section covers the temporal evolution from a network-analytic perspective – specifically discussing
connectivity metrics and component analysis.

Out-Degree: Figure 5 shows that the rapid growth was not only due to an expansion of the covered
entities, but also because these entities become more richly described over time. The out-degree



Figure 3: Triple Changes over Time

Figure 4: Triple Lifespan Distribution

distribution over all nodes plotted here includes literals. It shows that in the early stage of the evolution
(2013), the share of items with an out-degree of approximately 1 was large, with maximum degrees on
the scale of hundreds. In the period from 2017-2019, i.e., the scholarly import boom already identified
in Section 4.1, the mass shifts right with a shoulder at approx. 5-20 as items gain a standard property
set. In more recent years (2020-2024), the fraction of nodes with degree 1 is much lower, and we more
commonly see hubs with approx. 103 statements, with some even exceeding 104 statements. Overall,
the shape remains heavy-tailed over the evolution and exhibits scale-free properties. The maximum
out-degree (cf. Fig. 6a) – excluding literals and focusing only on the pure entity-relation graph – has
also grown strongly, but plateaued near approx. 8.300 entity relations since 2018 for the richest subjects.

In the following network-centric analyses, we will continue to focus exclusively on the pure relational
knowledge graph, i.e., the entity-relation graph without literals.

In-Degree: Heavy-tailed hub scale is also evident in the maximum in-degree in Figure 6b, which is
generally very large, exhibiting jumps especially after 2016 (from 3.2M in 2016 to 12M in 2017 to 40M in
2024). This is consistent with highly popular targets (classes, countries, journals, etc.) accumulating
links.

Average degree and density: Figure 7a shows that the average degree rises from 4.4 to 14.3, i.e., the
URI graph becomes considerably denser per node, which matches the out-degree shift we saw above.



Figure 5: Wikidata out degree distribution

(a) Max Out-Degree (b) Max In-Degree

Figure 6: Max In and Out-Degrees over Time

One noteworthy exception occurred in the interval 2019-2020, where avg. degree temporarily dropped
significantly as the addition of nodes outpaced the addition of new edges; from 2021 on, we can see
that enrichment has caught up and average degree is stable since then. Global density – illustrated in
Figure 7b – has fallen sharply after inception and has been relatively stable since 2021. This is typical
for sparse KGs that get larger, as possible pairs grow as 𝑂(𝑛2) while edges grow more slowly.

Components: Compared to the overall size of the graph, Figure 8a shows thatWikidata has essentially
always been, and continues to be, a single giant weakly connected component (> 99.9% of nodes every
year). Compared to the overall size of the graph, the number of other weakly connected components
(cf. Fig. 8b) is tiny and has fallen.

4.3. Profiling the Wikidata Evolution

After investigating the global growth and structural evolution in a network-analytic sense, this section
shifts focus to how Wikidata evolved in terms of content and composition.



(a) Average Degree (b) Density

Figure 7: Average Degree and Density over Time

(a) Largest weak component size (b) Number of weak components

Figure 8: Weak Components over Time

Subjects vs object URI vocabulary To get a more nuanced understanding of how items appear in
the graph, we can start by looking at the frequency of URIs appearing in subjects vs in object position.
Figure 9 illustrates this over time, showing that subjects always dominate, i.e., that most items are
described more than they are referenced, which seems natural. There are two notable sharp increases in
object position URIs from 2017-2018 and 2020-2021 – likely as citation graphs and publication entities
that are frequently referenced are added, which can also be seen in the sharp increase in the usage of
P2860 (cites work) below.

Predicate prevalence: Until 2016, the most widely used predicates were typing and place-related –
i.e., instance-of (P31), country (P17), admin location (P131), coordinate location (P625), etc. – as can be
expected in a general knowledge base. From 2017 on, however, we can see a pronounced shift towards
”scholarly” properties, with cites work (P2860) and author name (P2093) quickly becoming the most
widely used. Fig. 10b highlights this by summarising the fraction of all triples using the respective
property, showing that the citation network created by cites work (P2860) alone makes up a large part
of the graph, peaking at > 25% in 2019 and > 20% in 2024. Taken together, ”scholarly” properties in the
top 15 made up approx. 48% of all triples in 2024. Fig. 10b

5. Wikidata vs DBpedia: Comparison

In the following, we compare Wikidata and DBpedia-TKG [7] in terms of growth, schema evolution,
addition and deletion dynamics, and triple lifespan.

Note that DBpedia-TKG [7] is a temporal version of DBpedia that has been extracted ex post from



Figure 9: Distinct Subject and Object Position Entities over Time

(a) Top 15 predicates (2024) frequency

(b) Top 15 predicates (2024) (fraction of all triples)

Figure 10: Predicate prevalence over time



historic Wikipedia snapshots with the DBpedia extractors and schema as of 2024. It does therefore not
match the historic DBpedia snapshots published, but reflects the evolution of the Wikipedia-extracted
knowledge from a 2024 perspective.

Growth DBpedia was initiated in 2007; the DBpedia-TKG shows strong growth in the early years,
which had already levelled off somewhat by 2012 when the Wikidata project started. Wikidata shows
massive growth from its inception, especially in the 2017-2020 period, when it crossed DBpedia in terms
of total number of triples (2018), reaching 1.43B vs 595M in 2024. In terms of unique entities covered,
the gap is even wider (approx. 101M vs 24M). We can also see that in recent years, DBPedia’s entity
growth is nearly linear, whereas DBpedia keeps adding more items at a faster pace.

Figure 11: Yearly growth over the extracted snapshots: Wikidata vs DBpedia-TKG

Yearly additions and deletions Compared to Wikidata’s somewhat volatile but overall much higher
add rate that peaks strongly in 2018 (282M p.a.) and has since settled at around 90M annual additions,
DBpedia’s add rate is much flatter at approx. 44-48M p.a. since 2013.

In terms of removals, DBpedia has long exhibited high absolute deletion activity (1̃4–28M/year, often
approx. 30–60% of that year’s adds), while Wikidata deletions start near zero and only later approach
DBpedia’s absolute level (approx. 20M) — still a smaller fraction of Wikidata’s peak adds.

Overall, we can see that DBpedia grows steadily with substantial deletions as articles are edited. In
contrast, Wikidata’s addition and deletion dynamics are more import-driven, with large jumps and a
relatively lower rate of deletion.

6. Conclusions and Future Work

In this work, we present Wikidata-Flashback, an open‑source tool that reconstructs arbitrary
point‑in‑time snapshots of the Wikidata knowledge graph and materialises them together with precise
addition and deletion deltas, pruning the community aspect and concentrating on truthy statements
only. These resulting yearly artefacts can be versioned, shared, and reused without reprocessing raw



Figure 12: Yearly triple additions and deletions over time

dumps, thereby providing researchers with clean, reproducible data for a wide range of temporal KG
studies.

Furthermore, a deep longitudinal analysis of these snapshots reveals clear growth trends in triples,
entities, and property usage, offering new insights into the evolving structure of this community‑built
knowledge base and challenging the community at large to explore how knowledge evolution affects
modern AI systems.

This work opens several promising research avenues. In particular, Wikidata-Flashback enables the
construction of temporal‑KG benchmarks that capture the full evolution of facts and facilitate systematic
studies of knowledge dynamics. On the other hand, the remaining event-level comments, discussions
and other annotated data could be exploited as a resource for mining how community contributions
shape a large-scale graph, revealing motivations behind edits, patterns of change over time and the
socio-technical forces driving the continual growth of Wikidata.
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