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Abstract
Rule languages such as Datalog are well-suited for reasoning over graph-structured data, typically represented as
RDF triples. However, the largest knowledge graphs cannot be processed by existing in-memory rule engines.
We have recently proposed an integration of rule engines with external RDF stores in which relevant data is
fetched during reasoning through automatically generated SPARQL queries. Users write plain Datalog programs
over RDF triples, without any knowledge of SPARQL, while the reasoner constructs and optimises the required
queries. The optimisations adapt established techniques from logic programming, such as semi-naive evaluation,
magic sets, and static filtering. In this extended abstract, we summarise our approach, implemented in the rule
engine Nemo, and the empirical evaluation in which complex rule sets are executed against the public SPARQL
services of Wikidata and DBLP.
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1. Introduction

Datalog has seen renewed interest as a declarative language for large-scale data processing, supported
by mature implementations and a growing range of applications that includes ontological reasoning
[1, 2], query answering [3, 4], graph transformation [5, 6], and general data analysis [7, 8]. Knowledge
graphs, commonly represented using the Resource Description Framework (RDF) [9], are a particularly
good match, and several modern rule engines support RDF data natively [10, 11, 12]. However, the
largest knowledge graphs, due to their scale and dynamic nature, still remain out of reach for such
systems. The RDF export of Wikidata [13], for example, currently comprises more than 17.5 billion
triples, with update rates above 100 triples per second.1 Since rule engines are typically designed as
in-memory systems, a local copy of this data would require main memory in the range of terabytes,
and would quickly become outdated.

Dedicated RDF database systems, in contrast, are designed for data management at this scale, and
make their contents available through the query language SPARQL. Many recursive computations,
however, cannot be expressed in SPARQL: property paths, for instance, capture plain reachability, but
cannot impose further conditions along the path. More fundamentally, SPARQL is limited to problems
in NL, whereas Datalog is PTime-complete (both in data complexity). Some tasks that are possible in
SPARQL in principle may still require impractically large queries [14]. It is therefore well-motivated to
use Datalog on top of SPARQL databases to combine expressive power with scalable data management.
However, in current systems, this requires users to be proficient in both SPARQL and Datalog, and to
decide how to split the work between both technologies.

In recent work [15], we have integrated Datalog reasoning with external RDF stores, automatically
generating SPARQL queries to fetch relevant data during reasoning. Rules refer to RDF triples as if they
were given as local facts, so no knowledge of SPARQL is needed. The optimisations that make this
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feasible adapt established techniques from logic programming to the new setting: semi-naive evaluation
[16] restricts the data requested in each step to newly derived bindings; the generated queries are
constrained by runtime bindings in the spirit of magic sets [16]; and static filtering [17, 18] propagates
constants and projections into imports.

We have implemented this approach into the open source rule engine Nemo [12], which we use as
the basis for an empirical evaluation. Compared to existing systems that support SPARQL data imports,
we observe consistent performance improvements on complex rule sets executed on large knowledge
graphs. For a more in-depth discussion, we refer the reader to the full paper, which includes proofs,
detailed algorithms, and an ablation study [15].

2. Datalog over RDF

To describe our approach, we use a minimal rule language: plain Datalog with input negation, in
addition to special RDF input predicates to access triples from RDF graphs. Practical extensions such
as stratified negation, filter expressions, and aggregates [8] are compatible with the approach but not
required in this paper.

We assume a set C of constants that includes all IRIs and RDF literals [9], and an infinite set V
of variables disjoint from C; terms are constants or variables. Blank nodes are not considered, since
SPARQL cannot retrieve information about a specific blank node in the data, and since blank nodes
in rules and queries can be replaced by variables. An atom is an expression 𝑝(𝑡1, . . . , 𝑡𝑘), where 𝑝 is a
predicate of arity 𝑘 and 𝑡1, . . . , 𝑡𝑘 are terms. A literal is an atom 𝐴 or a negated atom ¬𝐴, and a rule 𝜌
has the form

𝐻 ← 𝐵1 ∧ · · · ∧𝐵𝑛 ∧ ¬𝐵𝑛+1 ∧ · · · ∧ ¬𝐵ℓ, (1)

where the atom 𝐻 is the head of 𝜌, denoted head(𝜌), and the atoms 𝐵1, . . . , 𝐵ℓ form its body, split into
body+(𝜌) = {𝐵1, . . . , 𝐵𝑛} and body−(𝜌) = {𝐵𝑛+1, . . . , 𝐵ℓ}. Every variable of a rule must occur in
some non-negated body atom (safety). A fact is a rule with empty body, written without←.

A program is a triple ⟨Π,Pin,Pout⟩, where Π is a set of rules and Pin and Pout are finite sets of input
and output predicates, such that input predicates do not occur in rule heads and only input predicates
occur negated. A dataset 𝒟 for the program is a finite set of facts over input predicates. An RDF graph
𝐺 is a finite set of triples ⟨𝑠, 𝑝, 𝑜⟩ with 𝑠 and 𝑝 an IRI, and 𝑜 an IRI or RDF literal.2 Given a dataset
𝒟, the input predicate 𝑝 ∈ Pin is an RDF import for 𝐺 if ar(𝑝) = 3 and 𝑝(𝑠, 𝑝, 𝑜) ∈ 𝒟 if and only if
⟨𝑠, 𝑝, 𝑜⟩ ∈ 𝐺.

Example 1. The following Datalog program uses RDF import predicate triple and output predicate label
to find all labels given for any subproperty of rdfs:label.

labelProp(rdfs:label) (2)

labelProp(𝑥)← triple(𝑥, rdfs:subPropertyOf, 𝑦) ∧ labelProp(𝑦) (3)

label(𝑥, 𝑦)← labelProp(𝑧) ∧ triple(𝑥, 𝑧, 𝑦) (4)

The semantics is defined as usual. A substitution 𝜎 maps finitely many variables to constants, and
𝜙𝜎 denotes the result of applying 𝜎 to an expression 𝜙. The consequences of Π over a set of facts
ℐ are Π(ℐ) = {head(𝜌)𝜎 | 𝜌 ∈ Π, body+(𝜌)𝜎 ⊆ ℐ, body−(𝜌)𝜎 ∩ ℐ = ∅}. Setting 𝒟0 := 𝒟 and
𝒟𝑖+1 := 𝒟𝑖 ∪Π(𝒟𝑖) yields a monotone sequence that reaches a fixpoint 𝒟∞ after finitely many steps.
The output out(Π,𝒟) consists of all facts over output predicates in 𝒟∞. In Example 1, for instance,
a triple ⟨𝑏, schema:name, "Bob"⟩ leads to the output fact label(𝑏, "Bob") whenever schema:name is a
declared subproperty of rdfs:label.

2As before, we exclude bnodes. The other conditions reflect syntactic restrictions of the RDF standard; in Datalog, we generally
allow arbitrary constants in all positions.



3. Generating SPARQL Queries during Reasoning

RDF import predicates allow users to write Datalog programs that use external RDF triples as if they
were local facts. The most direct way of obtaining this data is to fetch the whole graph via the SPARQL
query SELECT ?s ?p ?o WHERE { ?s ?p ?o }, but this is infeasible for graphs with billions of triples. In
practice, only a small fraction of the graph is needed to evaluate a given program. We therefore produce
selective SPARQL queries by matching only the triple patterns that occur in the rules, constraining
them to the constants derived so far, and only fetching values relevant to the output of the program.

Incremental imports with bindings We fetch data through SPARQL import rules of the form

𝑝(𝑥)← 𝑄@ep ∧𝐵1 ∧ . . . ∧𝐵𝑛, (5)

where 𝑝 is an input predicate, 𝑄 a SPARQL query with answer variables 𝑥, ep an endpoint, and the
binding atoms 𝐵1, . . . , 𝐵𝑛 only use constants and variables from 𝑥. We write 𝑄ep for the set of answer
tuples that 𝑄 returns over ep. Then, the SPARQL import rule derives, from the current facts ℐ , the set

𝜌(ℐ) := { 𝑝(𝑥)𝜎 | 𝑥𝜎 ∈ 𝑄ep and 𝐵1𝜎, . . . , 𝐵𝑛𝜎 ∈ ℐ }.

That is, it keeps only the answers of 𝑄 that agree with derived facts for every binding atom. For the
triple atom in rule (3), we restrict the generic query 𝑄 above through binding atoms:

spoTriple(𝑠, 𝑝, 𝑜)← 𝑄@ep ∧ 𝑝 = rdfs:subPropertyOf ∧ labelProp(𝑜). (6)

Here, 𝑝 = rdfs:subPropertyOf selects subproperty triples, and labelProp(𝑜) keeps only those whose
object is already known to be a label property.

To evaluate an import rule, we push the derived bindings into the query using the VALUES operator
of SPARQL 1.1. For a binding atom 𝑞(𝑦1, . . . , 𝑦𝑚) with derived facts 𝑞(𝑐 1), . . . , 𝑞(𝑐 ℓ), we extend the
query with the clause

VALUES (𝑦1 · · · 𝑦𝑚) { (𝑐 1) · · · (𝑐 ℓ) },

so that the endpoint returns only the answers that are compatible with the derived facts.
Crucially, binding atoms may be defined recursively: as new labelProp facts are added, further

subproperty triples become relevant. Import rules are therefore evaluated alongside ordinary rules of
the program, sending updated queries as new bindings are derived.

A naive strategy that sends all current bindings in each step would still be impractical as the bindings
from earlier steps would reappear in every query, leading to large requests and redundant answers. We
prevent this by adapting semi-naive evaluation [16], which focuses each query on the newly derived
bindings. For an import rule with 𝑛 binding atoms, we send 𝑛 queries where the 𝑗-th query restricts
binding atom 𝑗 to the newly derived facts, the earlier atoms to the strictly older facts, and the later
atoms to all current facts.

Queries that are sent with this strategy can still become quite large. In practice, we observe that
SPARQL services can handle 104–105 bindings per query. We therefore split larger binding sets over
several requests.

Extracting import rules Import rules are not written by users but extracted from the program
automatically. Every RDF import predicate is associated with the endpoint that provides its triples
called its origin; all other predicates we refer to as local.

Within a rule body, all RDF atoms that have the same origin and are connected through shared
variables are grouped and turned into a single SPARQL query as follows: positive atoms become triple
patterns, negated atoms become FILTER NOT EXISTS patterns, and only those variables used elsewhere in
the rule are selected for the query result. Groups of RDF atoms in the rule body are then replaced by a
fresh import atom, defined by an import rule (5), where local body atoms that share a variable with the
query become binding atoms.



Table 1
Evaluation test cases; all means that the complete contents of Wikidata (resp. DBLP) would be fetched

Test case #rules #facts inferred #triples total #triples fetched
anc Common Ancestors 7 1,946,133 all 1,964,815

win Winning Streaks 11 660 > 93M 713

dsj Disjoint Classes 16 172,226 all 176,328

inv Inverse constraint 2 6,021 all 6,021

non None-of constraint 2 171,582 all 172,486

oa Open Access 5 26,786 all 54,107

As an example, consider the rule

ℎ(𝑥, 𝑧)← 𝑎(𝑥) ∧ 𝑏(𝑧) ∧ triple(𝑥, 𝑝1, 𝑦) ∧ triple(𝑦, 𝑝2, 𝑧) ∧ ¬ triple(𝑥, 𝑝3, 𝑧),

with a local predicates 𝑎 and 𝑏, and RDF import predicate triple with endpoint ep. The two positive
triples share 𝑦 and form the query 𝑄:

SELECT ?x ?z

WHERE { ?x <p1> ?y . ?y <p2> ?z . FILTER NOT EXISTS { ?x <p3> ?z } }

This query selects only relevant variables 𝑥 and 𝑧, dropping the internal variable 𝑦, and turns the
negated triple into a FILTER NOT EXISTS expression. The local atoms 𝑎(𝑥) and 𝑏(𝑧) become the binding
atoms, resulting in the import rule 𝑞(𝑥, 𝑧) ← 𝑄@ep ∧ 𝑎(𝑥) ∧ 𝑏(𝑧). The original rule is rewritten
to ℎ(𝑥, 𝑧) ← 𝑞(𝑥, 𝑧). In order to compute the bindings, we do not evaluate the Cartesian product
𝑎(𝑥) ∧ 𝑏(𝑧), but instead introduce two separate VALUES clauses, one for each binding atom.

Pushing constants and projections The extracted queries can still request more data than the
program may need. As RDF frequently models 𝑛-ary relations through auxiliary nodes, such nodes
and other values that are never inspected tend to end up in the imported results. Consider a relation of
awards, each represented by a node 𝑎 that links a recipient 𝑝 and a year 𝑦, together with a rule that
asks only for the recipients of the awards of one particular year 𝑐:

award(𝑝, 𝑦, 𝑎)← triple(𝑎, recipient, 𝑝) ∧ triple(𝑎, year, 𝑦),

out(𝑝)← award(𝑝, 𝑐, 𝑎).

As extracted, the import for award retrieves the recipient, year, and node of every award. We recover
selectivity by preprocessing the program with static filtering [17, 18], which propagates constants and
unused positions backwards from the output predicates. The constant 𝑐 is pushed into the first rule,
specialising its pattern to triple(𝑎, year, 𝑐), so that the query returns only awards of year 𝑐. The node 𝑎
is never used outside these rules and is projected away, and the year is fixed to 𝑐 rather than returned,
leaving a query that selects just the recipient 𝑝.

4. Evaluation

The semi-naive SPARQL imports and the optimised query extraction described above are available in
the rule engine Nemo since version 0.10.0.3 All rule sets, scripts, and measurements of our evaluation
are available online.4

We evaluate the six Datalog programs shown in Table 1, all of which import triples from the public
Wikidata Query Service.5 Test case (oa) additionally accesses the QLever SPARQL endpoint for DBLP6

3https://github.com/knowsys/nemo/releases/tag/v0.10.0, March 2026
4https://github.com/knowsys/nemo-examples/tree/main/evaluations/eswc2026
5[19] https://query.wikidata.org; the “main” graph of Wikidata alone held ca. 8.69 billion triples at the time of the experiments.
6[20] https://qlever.dev/dblp/; ca. 825 million triples.

https://github.com/knowsys/nemo/releases/tag/v0.10.0
https://github.com/knowsys/nemo-examples/tree/main/evaluations/eswc2026
https://query.wikidata.org
https://qlever.dev/dblp/


anc win dsj inv non oa

Ours
(Nemo v0.10)

0

50

100

150

200

250

tim
e 

[s
]

Timeout
or error

Nemo v0.8

VLog/Rulewerk

Figure 1: Median runtimes of Nemo v0.8.0, VLog/Rulewerk, and our implementation (Nemo v0.10.0); error bars
span the fastest and slowest of ten runs; shaded bars indicate that all runs failed

to determine the Open Access journals in which Oxford-based researchers have published. Programs
(anc), (win), and (dsj) are adapted from the Nemo example collection, whereas (inv) and (non) implement
checks for Wikidata property constraints. Table 1 also contrasts the number of triples that a naive
import of the individual triple patterns would fetch, which in four cases amounts to complete datasets,
with the number of answers that the optimised imports transfer.

We compare with Nemo v0.8.0, the first version that introduces SPARQL imports, but without any of
the discussed optimisations, and with VLog v1.3.6, used through the Rulewerk library [21]. RDFox did
not support access to remote SPARQL endpoints during reasoning at the time of the experiments. Some
programs were simplified for VLog to compensate for missing features. All experiments were run on
a server (2× Intel Xeon E5-2637 v4, NixOS 25.05) with memory restricted to 16 GiB and a timeout of
10 min; we report median times over ten runs. To exclude server-side caching effects, every query sent
by our implementation was modified by trivial syntactic changes.

Figure 1 shows the results. Nemo v0.8.0 does not complete any test case, which is expected given the
size of its unrestricted imports. VLog seems to use some restrictions on the sent queries, and is therefore
able to evaluate all cases except the federated test (oa) within the timeout. Our implementation completes
all test cases and achieves the lowest median runtime throughout; for (anc), (win), and (non), the median
improvement over VLog/Rulewerk exceeds one order of magnitude. We observe that runtimes may
vary considerably between runs, by a factor of up to 5.4, with larger variation for VLog than for Nemo.
Nevertheless, except for a single outlier run on (dsj), the slowest run of our implementation is faster
than the fastest run of VLog/Rulewerk on every test case.

The full paper additionally contains an ablation study, which shows that each of the presented
optimisations contributes to the overall performance, and that several test cases fail when optimisations
are disabled [15].

5. Conclusions

We have presented a transparent way to access large RDF-based knowledge graphs during rule reasoning,
without requiring users to write SPARQL queries. Our evaluation shows that the approach clearly
outperforms existing systems with SPARQL imports. Beyond such performance gains, it also lets
users design reusable and declarative rule sets, rather than manually tuning rules and queries for each
scenario. Several directions remain open: techniques from SPARQL federation could be transferred
to the multi-endpoint setting, and further logic programming methods, such as the unfolding of non-
recursive rules or the more general forms of static filtering studied in recent work [18], may yield even
more selective imports.
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