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Abstract

The growing use of knowledge graphs in NLP
has increased demand for scalable transforma-
tion pipelines for consolidating corpora, lexi-
cons and knowledge bases. Yet, conventional
SPARQL update operations remain memory-
intensive, slow at scale, and poorly suited to
streaming workflows on commodity hardware.
At the same time, existing RDF streaming
approaches primarily target query processing
rather than data transformation.

This paper demonstrates how a semantic RDF
partitioning, which is inherent in many lin-
guistic resources, can enable efficient, stream-
able graph transformation through parallelized
SPARQL updates. We conduct a typical graph
transformation task using Fintan, an RDF pro-
cessor specifically developed for NLP applica-
tions, and provide a reproducible performance
benchmark which is evaluated across variable
partition sizes, thread counts, and hardware set-
tings ranging from notebooks to servers.

Results show that parallel processing with par-
tition sizes of 200-200,000 triples consistently
outperforms bulk transformation in Apache
Jena ARQ and Blazegraph with a substantially
lower memory footprint. This enables process-
ing large-scale NLP resources without dedi-
cated server infrastructure.

1 Motivation

The introduction of Large Language Models
(LLMs) has led to an increased focus on directly
processing unstructured text, esp. for informa-
tion extraction and language generation tasks. Yet,
they pose manifold challenges including informa-
tion bias, hallucination and a lack of explainabil-
ity. Therefore, more recent approaches such as
graph retrieval-augmented methods try to compen-
sate these problems by reintegrating structured data
and knowledge graphs into LLM-based workflows
(Pan et al., 2024). Consecutively, for linguistic
annotation or labeling tasks, curated data is also

needed for training and evaluation. These chal-
lenges become even more relevant for low-resource
languages which often require additional manual
effort for integrating independently maintained, iso-
lated data sources (Mothe, 2024).

In order to be digestible for rule-based, statisti-
cal or retrieval-augmented methods, scattered re-
sources from heterogeneous formats often need to
be harvested and integrated. For such use cases,
RDF! and its query language SPARQL? provide
a suitable interoperability layer. A fair amount
of relevant data is available as Linguistic Linked
Open Data (Cimiano et al., 2020, LLOD), includ-
ing annotated corpora and lexical resources, so that
processing these along with NLP data is an op-
portunity — but also a challenge: Common NLP
formats adhere to either a tabular layout (e.g., CSV
and the various CoNLL dialects), a hierarchical
structure (e.g., TEI® or other JSON or XML-based
formats), and in a pipeline architecture, these are
dynamically created and can be natively streamed.
RDF data, on the other hand, requires complex
preprocessing to extract digestible fragments from
the underlying graph structure, by either relying
on federated queries (if available), or setting up a
local RDF database. For larger datasets, this may
require powerful servers with sufficient memory.

Similarly, newly creating consolidated RDF re-
sources from heterogeneous sources requires larger
scale data transformation from a multitude of for-
mats, and so does the information integration of
diverse, tool-specific outputs in multi-layer anno-
tations (Pradhan and Liberman, 2022), or the cre-
ation of links between separate datasets. It has
been demonstrated that such diverse data can be ac-
cessed with SPARQL (Ratta et al., 2025), but while
there have been efforts to employ data partitioning
(i.e. algorithmically splitting data) and streaming
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for optimizing query speed and load distribution in
client-server environments, the challenges of creat-
ing, curating, or, updating Linked Data are often
overlooked.

Expanding on earlier work (Fith et al., 2020), we
make the following contributions: (1) We showcase
how the inherent structure of language resources of-
ten allows for a semantic partitioning of RDF data
into digestible chunks which can be transformed in
parallelized streams. (2) We survey recent devel-
opments on streaming RDF data. (3) Based on a
typical Linked Data generation task, we provide a
reproducible performance benchmark.

2 Streaming Linguistic Linked Data

In this section we introduce a general concept on
how and why Linguistic Linked Data can be parti-
tioned in a way that enables SPARQL updates to
be performed in a streamed manner.

2.1 Applications of LLD in NLP

In order to understand the challenges in generating
or exploiting Linguistic Linked Data, it is necessary
to take a closer look at the inherent data structures
which are typically found in Language data. The
most common types of Linguistic datasets can be
grouped in the following categories:

Annotated Corpora present the main source for
analyzing language or training NLP tools.
They are typically based on tokenized text or
transcribed audiovisual sources and can con-
tain multiple layers of annotation, e.g. mor-
phological, syntactic or semantic. Most of-
ten, corpora are shared and consumed in tab-
ular CoNLL formats or directly represented
in RDF as NIF (Hellmann et al., 2013) or iso-
morphic CoNLL-RDF.

Lexical data encompasses various types of non-
textual semantic information about lexical
items, i.e. words and their senses. They may
be formatted as dictionaries or WordNets and
can contain morphological or morphosyntac-
tic information, formal definitions, sense re-
lations, synchronic translations or diachronic
etymologies. The de-facto standard for rep-
resenting lexical data in the Semantic Web is
OntoLex-Lemon (McCrae et al., 2017). Ency-
clopedic knowledge graphs such as DBpedia
(Auer et al., 2007) can also be considered lex-
ical data and, in parts, also employ OntoLex.

Terminological metadata has a certain overlap
with lexical data, as it may also contain defini-
tions for lexical items. Typical examples are
taxonomies or annotation schemes. Their pri-
mary focus, however, is to define controlled
vocabularies for annotating other resources
with a strong degree of interrelation between
their concepts. They are typically smaller than
full lexical datasets or corpora and often rep-
resented as ontological data models in OWL.*

Typical NLP use cases are to either transform the
annotations or align tokenizations in parallel cor-
pora on a per-sentence level to feed them into
NLP tools or machine learning algorithms, e.g.
to generate training data for underresourced lan-
guages. SPARQL updates can be used to apply
transformation rules, e.g. from OLiA (Chiarcos
and Sukhareva, 2015) for morphological or syntac-
tic annotations. Dictionaries or knowledge graphs
such as DBpedia are often applied to enrich cor-
pora, e.g. to disambiguate tokens or link named
entities. Data transformation rules are often costly,
esp. for complex syntactic or semantic annotations.

2.2 Semantic partitioning strategies

The inherent benefits of having all this data avail-
able on the Semantic Web is, however, mitigated
by the high cost of querying, and especially per-
forming updates on the annotations or extracting
portions of the data into the required target formats
for further processing steps. Since most of the cor-
pora and lexical datasets are inherently processed in
smaller chunks (e.g. windows of sentences, lexical
entries etc.), from a data management perspective,
it is not always necessary to host full datasets in
a complex infrastructure. Instead, it is sufficient
to stream the required windows (i.e. partitions) of
data to achieve most of the transformation tasks.
We therefore propose semantic ontology aware par-
titioning strategies to handle LLD datasets.

For corpora, it is typically sufficient to process
certain context windows. Morphological or syntac-
tic annotations usually require only a single sen-
tence. Entity linking, anaphora resolution or coref-
erence annotation may require an ordered sequence
of sentences. In tabular formats, the order is nat-
urally preserved. RDF exchange formats, such
as CoNLL-RDF mimic this characteristic by in-
troducing comments or blank lines as delimiters
between sentences. When bulk-loading sentences

*https://www.w3.org/TR/ow12-overview/
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Figure 1: Partitioning options for bilingual OntoLex dictionaries

into triple stores, the order can be restored using
the nif:nextSentence property or sorting by sen-
tence ID. Since corpora can be very large, partition-
ing them by context windows is straightforward to
achieve and should result in a much lower, linear
memory footprint.

Terminological datasets, can be applied for rule-
based annotation transformation, reasoning or in-
ference. They are typically hard to partition with
many interrelated concepts but at the same time
much smaller. If they are offered on a SPARQL
endpoint, they can thus be efficiently addressed by
federated queries. If they are only shared as dumps,
they can be safely loaded as full datasets, even on
smaller client machines.

Lexical data, as mentioned above, is typically
shared as OntoLex-Lemon (McCrae et al., 2017)
which defines the following core concepts:

LexicalEntry serves as the central identifier for
an entry in a dictionary or encyclopedia.

Form is used to define different surface real-
izations of a lexical entry. The property
canonicalForm defines the main lemma, i.e.
the head word. While other forms could de-
fine alternative orthographies or inflectional
variations.

LexicalSense encodes the meaning of an entry.
Polysemy may be rendered as multiple senses.
Translations or other multilingual relations
are usually attached to senses in order disam-
biguate the semantics of translation pairs.

Additional modules that extend the capabilities
of OntoLex range from 1ime and lexicog for
lexicographic meta information, SynSem for
syntax and semantics to VarTrans for vari-
antions and translations.

While in dictionaries a natural order is not as rel-
evant as in corpora, the partitioning strategies can
be diverse and depend on the specific use case. For
dictionaries, logical units typically comprise a sin-
gle entry in the dictionary. Multiple entries may be
linked as translations, etymologies or in other cases
as cross-references or morphological constituents.
Depending on the transformations performed, it
might thus be necessary to include all entries in a
translation set in a single partition (cf. Fig. 1).

Complexity and layout of the partitions in NLP
use cases may thus vary greatly depending on both
data and transformations and thus require a more
flexible partitioning strategy which considers the
inherent data model or ontology.

3 Existing RDF streaming approaches

In recent years, quite a few implementations for
RDF streaming or partitioning have emerged. Most
of these implementations are however focused on
querying over larger datasets or load distribution in
client-server environments.

3.1 Server-side query optimization

Multiple implementations aim at distributing query
load across threads, nodes in clusters or between
clients and servers by streaming partitioned RDF
data: As such, Linked Data Fragments (LDF)’ is
designed to offload processing power from a server
to the client by automatically splitting queries into
dynamic and static parts, which are partially exe-
cuted on the client by streaming windows of RDF
data from the server (Taelman et al., 2016). LDF is
actively used and respective services are provided,
e.g., by Wikidata. However, at the time of writing,
this is seen as experimental and not as a replace-

>https://linkeddatafragments.org/
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ment for the regular endpoint.® LDF resembles the
earlier C-SPARQL (Barbieri et al., 2010), which
uses a similar “black-box™ approach, but not as
effective at load distribution for multiple clients.
The “white-box” approach of CQELS (Le-Phuoc
et al., 2011) lets users directly design the stream-
ing properties of queries, e.g., by wildcards that
replace dynamic parts of the data; but it is more
geared towards improving speed and efficiency on
larger servers than towards load distribution.

These approaches use RDF streaming and load
distribution and could help to establish more re-
liable and extensive infrastructures of SPARQL
endpoints. Yet, they are limited in that (1) they can
only be used for querying but not for data transfor-
mation via SPARQL updates, and (2) they require
designated servers, or even specific client software,
for load distribution. It may thus be a long way
until server-side query optimization could really be
beneficial to transformation use cases as outlined
above.

3.2 Partitioning

The main focus of contemporary data partitioning
implementations lies with translating RDF data
and SPARQL queries into Apache Spark’ (Zaharia
et al., 2016) to improve performance, with promis-
ing results already reported early on (Cossu et al.,
2018; Schitzle et al., 2016; Graux et al., 2016).
Recent implementations such as S3QLRDF (Has-
san and Bansal, 2023) and DIAERESIS (Troulli-
nou et al., 2024a) focus on effective data partition-
ing strategies for better query performance on the
HDEFS storage. DIAERESIS combines two strate-
gies (Troullinou et al., 2024b): Dependency aware
partitioning identifies centroids in a dataset which
are often used as seeds in a query, and horizontal
or vertical partitioning, i.e., to create partitions for
triples with a common subject (a tabular row) or
predicate (a tabular column). In combination, these
compensate their respective weaknesses: Smaller
HDFS partition sizes are beneficial for querying
with Apache Spark, but the first strategy can lead
to very large partitions, when a dataset only con-
sists of individuals of a few classes. The second

As of 2025-02-15, Wikidata best practices stated to ‘[u]se
the LDF endpoint ... when your result set is likely to be fairly
large ... [, and] you have significant computational power at
your disposal ..., as the LDF endpoint offloads computation
to the client side.” (https://www.wikidata.org/wiki/Wikidata:
Data_access). By early 2026, LDF was removed entirely.
(https://phabricator.wikimedia.org/T415696)

"https://spark.apache.org/

strategy can be easily implemented for RDF, but
leads to fragmentation and requires a larger number
of joins, especially for traversing property paths.
Yamasaki et al. (Yamasaki and Amagasa, 2023)
expand on this approach by creating further sub-
partitions based on the co-occurrence of subjects
and objects.

While these partitioning approaches improve
scalability with larger RDF datasets, they are lim-
ited to querying and tailored towards more com-
plex server infrastructures. RDF streaming and
graph manipulation often remains an afterthought
which is only required to initially optimize and sup-
ply data to Apache Spark. However, the insights
on data partitioning could also be valuable for the
streamed data transformation use case.

3.3 Light-weight applications or APIs

The most accessible way to perform RDF conver-
sion in NLP pipelines still lies with readily avail-
able APIs or light-weight applications. While they
can consume or produce streams of serialized RDF,
they can only load full RDF graphs into in-memory
or disk-based datasets to perform both queries and
updates on them.

Among the most common AP/ implementations
are RDFIlib®, RDF4J° and Apache Jena'®. There
are also precompiled CLI tools or small-scale
servers: Apache Jena’s Fuseki'! server, Blaze-
graph'2, Virtuoso'? and Allegrograph'* are some
of the more prominent examples. While Fuseki is
actively developed and fully open source, the other
examples offer free versions with certain limita-
tions. Especially Virtuoso and Allegrograph tend to
limit processing capabilities or dataset size and typ-
ically require a fair amount of configuration while
Blazegraph is not actively maintained anymore.

In our experience, Apache Jena is still the most
user-friendly and feature-complete environment,
that is freely available for research.

3.4 Partitioned data transformation

The aforementioned full-featured and well-
maintained SPARQL engines, however, do not na-
tively employ data partitioning or load distribution
during runtime. Especially for SPARQL updates

8https://rdflib.readthedocs.io/en/stable/index.html
*https://rdf4].org/
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and graph transformation, there are only a few
client-side open source applications which offer
a systematic approach to data partitioning and RDF
streaming.

RDFpro (Corcoglioniti et al., 2015) supplies a
Java library for directly streaming RDF datasets
from and to endpoints with an adjustable partition
size. While generally offering a variety of features
for manipulating the RDF data, e.g. replacing pre-
fixes, inserting or deleting quads etc. SPARQL
features, like full updates, are not exposed full.
Furthermore, it has not seen any significant devel-
opment since 2016."

RMLStreamer (Oo et al., 2022) provides a solu-
tion to unify various heterogeneous data sources
and enables RDF data streams for downstream ap-
plications achieving state-of-the-art performance
with a scalable memory footprint. As part of the
RDF Mapping Language (RML) toolkit!'® it en-
tirely relies on RML for producing RDF streams
and does not support SPARQL directly.

Fintan (Fith et al., 2020) was originally tai-
lored towards processing annotated text corpora as
CoNLL-RDF (Chiarcos and Fith, 2017) and later
extended to perform graph transformations on any
RDF data. In its original form, it only transformed
CoNLL corpora sentence-by-sentence into an iso-
morphic RDF representation and could also per-
form SPARQL updates on the sentences. In newer
implementations, it is also capable of partitioning
larger RDF datasets and performing SPARQL up-
dates on multiple partitions in parallel.

4 Evaluation

To test the potential of performing SPARQL up-
dates on streamed RDF graphs by means of seman-
tic data partitioning, we run the same benchmark in
Fintan against a baseline of freely available triple
stores and CLI tools. Fintan is, to our knowledge,
the only published open-source platform which
allows direct customization of partition size and se-
mantics. Furthermore it is specifically designed to
apply data streaming not only to SPARQL queries,
but also update operations.

Since it has been originally tailored towards an
NLP use case, it is designed for streaming data on
the fly, outputting each data partition immediately
after it has been processed. Its memory profile
should theoretically be somewhat lower than regu-
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lar SPARQL engines processing a full dataset of the
same size. Therefore, benchmarking is performed
on several server and client machines to measure
performance and memory consumption in multiple
scenarios.

4.1 Establishing a benchmark

For testing our approach, we perform a transforma-
tion of Sylak-Glassman et al. (2015, UniMorph)
datasets into an OntoLex-Lemon representation,
including a linking of morphological features to
OLiA concepts. An earlier converter published
with Fintan was only written for a single config-
uration on a very small dataset and was thus in-
sufficient to evaluate the scalability of streamed
SPARQL updates in a wider set of environments
with varying partition sizes. UniMorph, however,
offers very large datasets together with a very small
minimum partition size and thus provides a very
flexible basis for benchmarking. We therefore in-
troduce new partitioning strategies and test the per-
formance and scalability on multiple environments.
UniMorph establishes a language-independent
set of morphological features and provides an-
notated dictionaries of inflected word forms for
169 languages. The size of these dictionaries
varies greatly for individual languages. The largest
dataset for Czech (ces), a highly synthetic lan-
guage, annotates over 500/ inflectional forms. The
base format of UniMorph is tab separated:
absces

absces
absces

abscesu N;GEN;SG
abscesy N;ACC;PL
abscesy N;INS;PL

The converter first applies CONLL-RDF to trans-
form the data into a shallow RDF representation
with one property conll:COL for each individual
column. As CoNLL-RDF is tailored towards rep-
resenting corpora, each row is treated as a single
sentence, resulting in the following data structure:

:s66_0 nif:nextSentence :s57_0 .

:S67_1 a nif:Word ;
conll:FEATS "N;ACC;PL" ;
conll:HEAD :S67_0 ;
conll:LEMMA "abscesy” ;
conll:WORD "absces” .

:s67_0 a nif:Sentence .

With a set of SPARQL updates, this representa-
tion is first transformed into OntoLex-Lemon. One
LexicalEntry and a respective canonicalForm
is created for each conll:LEMMA. The root form
(conll:WORD) and features are grouped into a
lexicalForm and subsequently linked to OLiA
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concepts. After the transformation, identical lem-
mas share the same URI as well as a single
canonicalForm. Each lexicalForm points to one
morphological generation rule consisting of the
morphological root and the respective feature com-
bination. For the example above, this will result in
the following data structure:

@prefix : <https://github.com/unimorph/ces/>

@prefix ontolex:
<https://www.w3.org/ns/lemon/ontolex#>

@prefix lime: <http://www.w3.org/ns/lemon/lime#>

<https://github.com/unimorph/ces>
a lime:Lexicon ;
lime:entry :abscesy ;
lime:language "ces” .

:abscesy a ontolex:LexicalEntry ;
ontolex:canonicalForm :abscesy_form ;
ontolex:lexicalForm :s67_1, :s68_1 .

:abscesy_form ontolex:writtenRep "abscesy"” .

:s67_1 a ontolex:Form ;
olia_um:hasFeature olia_um:N, olia_um:PL,

olia_um:ACC ;
ontolex:writtenRep "absces” .

:s68_1 a ontolex:Form ;

olia_um:hasFeature olia_um:N, olia_um:PL,
olia_um:INS ;
ontolex:writtenRep "absces” .

The sheer size of the Czech dataset (over 2.5 GB
even in the very compact TSV format) illustrates
that performing the full transformation in memory
is impossible on smaller client machines. The only
options would be to either use a triple store or to
perform the update on isolated partitions.

4.2 Test parameters

To test the performance we simulate multiple
dataset sizes based on the Albanian (sqi) dataset
which only contains about 30,000 forms. We ex-
trapolate larger dataset sizes by duplicating all en-
tries with a different base URI (cf. Table 1). Since
UniMorph datasets consist of self-contained en-
tries in each line, which only implicitly form a unit
with surrounding entries sharing the same lemma,
the interlinking is injected during the transforma-
tion process by introducing the statement : lemma
a ontolex:LexicalEntry for each form indepen-
dently. This ensures, that all relevant information
on the entry level is always available within each
partition for each form. The deliberate redundancy
is immediately consolidated after the transforma-
tion when the full graph is loaded. This linearity
allows for effectively simulating larger datasets
of the same layout by duplicating a smaller scale
dataset. With this approach we can ensure that all
partitions are of approximately the same size and

sqi  |sqi*02]sqi*04]..|sqi * 10]...|sqi * 50

235217 tp|0.5 M tp[0.9 M tp[...]24 M tp|...[12M tp

Table 1: UniMorph dataset sizes extrapolated from Al-
banian (sqi) (tp L triples)

Type Processor Cores Mem.
(phys. / log.)
Server Intel Xeon 48796 1TB
Server AMD Epyc | 64/128 1TB
Desktop AMD Ryzen 6/12 32 GB
Notebook Apple M2 8/8 16 GB
Notebook (VM) | Intel Core i7 4/8 32 GB
(4in VM) |(16 in VM)

Table 2: Test machines

complexity allowing for a more precise scalability
check. The experiments can be replicated with any
other UniMorph dataset.

Fintan natively supports customizable delimiters
to separate segments of data in Turtle syntax. These
could be newlines or comment lines which do not
affect the data and will be ignored by regular RDF
parsers. In order to test multiple fixed partition
sizes, we inject delimiters into the CoNLL-RDF
datasets.

Small partition (7 triples): corresponds to a sin-
gle entry in the given dataset. This partition
size is extremely small and is effective at es-
tablishing a lower bound for an optimal parti-
tion size

Medium partition (280 triples): reflects a typi-
cal non-fictional sentence (Rudnicka, 2018)
in an annotated corpus, e.g. the Universal De-
pendencies (de Marneffe et al., 2021), with 20
to 30 words and 10 columns. It thus simulates
the minimum partition size of a typical corpus
processing use case in NLP.

Large partition (235.217 triples): covers a sin-
gle UniMorph sqi dataset. As this dataset size
can typically still be held in memory, even on
smaller client machines it presents a suitable
upper bound for the NLP use case.

Fintan also allows to adjust the maximum amount
of parallel threads for SPARQL updates. To eval-
uate the efficiency of parallelization, we config-
ure different thread counts for the evaluation. The
thread counts used are 1, 4, 16, 32, 48, 64, 96 and
128. With this setup, we test the performance of
streamed SPARQL updates on multiple machines
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(cf. Table 2) which cover a broad range of contem-
porary hardware, including servers with up to 128
logical cores down to average notebooks running
smaller virtual machines (VM).

4.3 Establishing a baseline

To establish a baseline, we also benchmark es-
tablished implementations for processing the full
datasets without partitioning:

* Blazegraph

 Jena TDB2 on Fuseki Server 5.1

* Jena ARQ 3.11.0 is used by Fintan

e Jena ARQ 4.9.0 (latest release for Java 8)
¢ Jena ARQ 5.1.0 (latest release)

We do not change any default parameters or run
configurations and execute the SPARQL updates in
a single call. For the Jena CLI, we test the functions
update, which works in-memory, and tdbupdate,
which relies on TDB1. For Fuseki, we use TDB2
datasets. As Fintan internally uses the same data
processing as Apache Jena’s ARQ library, a di-
rect comparison between the two tools should well
reflect the potential of streaming opposed to pro-
cessing a full dataset. Initial experiments show that
for the in-memory updates, there is no significant
difference in performance between multiple ver-
sion of Apache Jena (cf. Appendix, Fig. 4). So we
only include results for ARQ 5.1 as the best per-
forming baseline in the following section. The full
results are available in the supplemental material.

4.4 Benchmarking results

In a first run on the i7 notebook with 16 GB RAM
(cf. Fig. 2) we already get a few remarkable results:

Baseline performance: Some of the test candi-
dates do not perform as well as expected. Both
the TDBI implementation of the Apache Jena
CLI and Blazegraph are surprisingly slow in
performing the updates on larger dataset sizes,
so we skip testing with them.

Baseline scalability: As expected, the in-memory
updates (all ARQ versions) cannot be run for
larger dataset sizes. No more than 20 datasets
(5, 7M triples) can be transformed. Larger
sizes would eventually crash with a heap-
space error. More surprisingly even Fuseki
with a TDB2 backend, would consistently
crash for the largest dataset (12M triples).

Small partitions: The small partition size (only
7 triples) proves extremely slow, with even a
single dataset taking over 4 minutes on the i7
machine. With such small partitions, the pro-
cessing overhead is higher than the potential
gain. We therefore do not include the results
for this configuration into the diagrams.

Medium partitions: They perform almost identi-
cal to the ARQ in-memory processor and sig-
nificantly faster than TDB2. All datasets can
be processed with linear scaling.

Large partitions: They perform significantly
faster than both TDB2 and the ARQ in-
memory processor and also scale linear for
the largest datasets.



600

e
P=1
=

[
[=1
=

152 5

Execution time (sec.)

=

=

a2 109 s
s B5s Tas 5
.
3.1GB

8.2 GB
1268 15.2 GB
36.9 G

526 GB

[a]
o

=
o

Memory consumption (GB)
2 Z

10 datasets

185s8

3.3 GB

13.8GB152GB

30 datasets

596 s

380s 376s
340 s 340 s
69 s

247s I
3.8GB
11.4GB
15GB
1968 217 GB
59.7 GB

91.2GB

2065 232s

48.7 G

50 datasets

Combined dataset size (1 ds = 235.217 triples)

Strategy

. 280 tp partitions . ARQ default
B 200k o parttions

. ARQ Xmx512g
ARQXmx2560 [ TDB2 Fuseki5.1

Figure 3: Performance and memory consumption Xeon server with 48/96 cores

On the Xeon server with 1TB of memory, all
datasets can be transformed but memory consump-
tion (cf. Appendix, Fig. 5) proves greedy for the
ARQ processors. We test three configurations us-
ing the Java Xmx argument for adjusting the heap
space. With the default heap space, memory con-
sumption does not rise above 25 GB. For a config-
uration with 256 or 512 GB, the memory consump-
tion increases as well, but does not result in better
performance. Our partitioning strategies, however,
show a very low, almost constant consumption.

We also test the multithreading potential on
larger machines (cf. Appendix, Fig. 6). Perfor-
mance with medium partitions does not increase
in a linear fashion with a few spikes in the range
of 4 to 16 threads. We assume, that this may come
from the dynamic power consumption and heat reg-
ulation strategies common in modern processors.
If only a few cores are in use, these will run at a
significantly higher clock speed. In addition, some
modern processors, such as the Xeon Gold use a
big-little architecture with performance cores and
efficiency cores which do not offer the full process-
ing capabilities. This assumption is also supported
by the results of the Ryzen machine, which scales
almost linear up to its 6 physical cores.

Figure 3 displays the combined processing foot-
print on the Xeon machine including execution

time (upper plot) and memory consumption (lower
plot) for all baseline and partitioning approaches.
All in all, we can see that partitioning can have a
significant impact on performance and scalability
of SPARQL updates. With partitioning, it is essen-
tially possible to trade performance for memory.
With a medium partition size of at least 200 triples,
it is possible to keep the memory overhead very
low, while with a larger partition size, performance
may increase significantly. The baseline is consis-
tently outperformed even on a relatively powerful
server with sufficient memory. With increasing
dataset size, this effect becomes even more promi-
nent. As shown above in Fig. 2, for smaller ma-
chines with less memory the transformation does
not even terminate on ARQ or TDB2. While on
the Xeon, all sizes can still be processed, on the
largest dataset size (12M triples), the partitioning
approach proves 5 times faster than in-memory
ARQ and almost 10 times faster than Fuseki TDB2
with a lower memory consumption.

5 Discussion and Outlook

Our benchmark illustrates the enormous potential
of parallelizing SPARQL updates on RDF parti-
tions in a pipeline environment. We can determine
that processing graphs using streams of homoge-
neous semantic partitions can improve memory



consumption and at the same time enables effec-
tive parallelization resulting in a higher process-
ing speed. Our approach is particularly efficient
for Linguistic Linked Data generation use cases,
in which multiple independent sources need to be
transformed into a single knowledge graph. For
many typical language resources, even very com-
plex transformations can be performed on a na-
tively achievable partitioning which can often be
directly inferred from the source data (e.g. lexical
entries in dictionaries or sentences in corpora).

The general applicability of this method has
already been shown for multiple types of more
complex resources: an RDF-based Role and Ref-
erence Grammar corpus has been compiled by in-
tegrating syntactic and semantic annotations from
independent parallel corpora (Chiarcos and Fth,
2019). As part of a larger dictionary graph (Chiar-
cos et al., 2020), the densely interconnected in-
terlingual Apertium dictionaries have been con-
verted to RDF and applied for industry use cases
by partitioning translation sets independently from
lexical entries (Gracia et al., 2020). Further ex-
periments have been conducted with low-resource
languages including morphological and sytactic an-
notation for Sumerian (Chiarcos et al., 2018) and
diachronic analyses across a thousand years of his-
torical German (Chiarcos et al., 2022). However,
while these publications focus on the respective
data and pipeline architecture, they do not include
a thorough performance analysis. Our experiment
augments these results by providing an upper and
lower bound for efficient partitioning to be applied
in further data-driven research.

The UniMorph dataset allows for very small min-
imum sizes up to very large partitions required
for more densely interconnected datasets. Nev-
ertheless, our experiment cannot show how well
an existing unpartitioned large scale knowledge
graph, such as WikiData could be transformed as
this would require reinjecting semantic partitions
into a large bulk dataset. While Fintan partly sup-
ports such scenarios in distinguishing transformed
and persistent data and extracting a delta partition,
the implementation relies on TDB1 and is not as
scalable as the parallelized SPARQL updates. How-
ever, the strategy can be a significant stepping stone
for improving general performance in RDF pro-
cessing. Down the line, we could see a data-driven
semantic partitioning approach being implemented
in general DBMS for Semantic Web applications
and servers. This could be achieved by internally

storing data partitions in hidden subgraphs. Al-
ternatively, iterators over relevant data segments
could be directly derived from SPARQL statements,
potentially allowing to automatically assess the
prospective processing time in advance and provide
convenience features, e.g. progress bars. Partition-
ing data for SPARQL updates could also be effec-
tive for load balancing on larger servers to limit
write locks and keep memory consumption and
transaction time in check. Furthermore, available
cores could be more evenly distributed or dynami-
cally assigned to operations with a higher priority.

Ultimately, the NLP use case described in this
paper shows that even the basic implementation
which Fintan provides can have a significant im-
pact on performance and scalability as it allows
even very large corpora or lexical datasets to be
processed on regular client machines with high
performance. This may also open up new opportu-
nities for smaller community efforts, e.g. on low-
resource languages, for which larger infrastructure
may not always be readily available.

Supplementary Material: The source code and
evaluation data is published under an open license:
https://github.com/acoli-repo/fintan-benchmark

Limitations

We operate with Fintan for the test environment,
and we are thus limited to Jena 3.11 for testing
the performance of partitioned streams. We are
unable to assess if this or the internal handling of
data streams within Fintan may have negatively af-
fected the general performance of our evaluation
pipeline. Another noteworthy point is, that we do
not generate the partitions on-the-fly and instead
test on pre-partitioned datasets. This approach is
limited to datasets whose layout allows a homoge-
neous, low-redundancy partitioning, e.g. corpora
or lexical data. For large knowledge graphs with
high density a manual partitioning process can be
very complex.

To address these limitations, it may therefore be
worth to evaluate the partitioning algorithms de-
scribed in section 3.2 in the context of SPARQL
updates. Especially an approach similar to the de-
pendency aware partitioning strategy of DIAERE-
SIS might be able to automatically retrieve suitable
partitions for updating data with a homogeneous
layout as typically found in Linguistic Linked Data.
It might also prove useful to implement a similar
pipeline with other APIs, e.g. RDFlib for Python.


https://github.com/acoli-repo/fintan-benchmark
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A Appendix: Additional Results
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