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Abstract

Datalog is an essential logical rule language with many ap-
plications and modern rule engines compute logical conse-
quences for Datalog with high performance and scalability.
While Datalog is rather simple and, in principle, explainable
by design, sophisticated implementations and optimizations
are hard to verify. We therefore propose a certificate-based
approach to validate results of Datalog reasoners in a formally
verified checker for Datalog proofs. Using the proof assistant
Lean, we implement such a checker and verify its correctness
against direct formalizations of the Datalog semantics. We
propose two JSON encodings for Datalog proofs: one using
the widely supported Datalog proof trees and one using di-
rected acyclic graphs for succinctness. To evaluate feasibility
and performance of our approach, we validate proofs that we
obtain by converting derivation traces of an existing Datalog
reasoner into our tool-independent format.

1 Introduction

Datalog is a simple yet elegant rule language that is at the
heart of many approaches to logic programming, knowl-
edge representation, and data analysis (Abiteboul, Hull, and
Vianu 1994; Ceri, Gottlob, and Tanca 1990). Syntactically,
Datalog rules are universally quantified, function-free pred-
icate logic implications, such as the following two recursive
rules defining transitivity (written from right to left and with-
out the quantifiers, as is customary in logic programming):

trans(z,y) < edge(z,y) )
trans(z, z) « trans(z,y) Atrans(y, z) (2)

The main reasoning task is to compute all logical conse-
quences of such programs over a given set of facts F'. De-
ciding such consequences is P-complete in the size of F,
making Datalog interesting for data-intensive applications.

Datalog is well-supported in practice. Modern rule en-
gines such as clingo (Gebser et al. 2019), Nemo (Ivliev et al.
2024), RDFox (Nenov et al. 2015), Soufflé (Jordan, Scholz,
and Subotic 2016), and VLog (Urbani, Jacobs, and Krétzsch
2016) easily compute millions of consequences on commod-
ity hardware. Tools like Datomic (https://datomic.com/) and
Google’s Logica (https://logica.dev/) are database-oriented
and leverage the robustness of existing data management in-
frastructure. In each case, practical tools include many lan-
guage extensions and rely on intricate optimizations.

Unfortunately, the complexity of real-world systems un-
avoidably leads to errors that may compromise correctness.
Mature systems like the above counteract this with extensive
testing, code quality analysis, and public issue trackers, but
complete freedom of bugs is rare and volatile in such ever-
evolving systems (Mansur, Christakis, and Wiistholz 2021;
Mansur, Wiistholz, and Christakis 2023; Zhang, Wang, and
Rigger 2024). Stronger correctness guarantees are given by
certified Datalog systems, but the prototypes that exist can-
not scale to the input sizes of optimized systems yet (Benza-
ken, Contejean, and Dumbravd 2017), or restrict to a subset
of Datalog (Bonifati, Dumbravi, and Arias 2018).

In this paper, we address this challenge by developing
a certificate checker for Datalog, written and verified in
Lean 4 (de Moura and Ullrich 2021), a purely functional
programming language that acts as an interactive theorem
prover but also allows to compile executable code. In-
stead of replacing optimized systems, such checkers vali-
date certificates that prove the correctness of individual re-
sults. Successful uses of this approach (a.k.a. the de Bruijn
criterion (Barendregt and Wiedijk 2005)) exist in various
fields (Heule et al. 2017; Baek 2021; From and Jacobsen
2022; van der Weide, Vale, and Kop 2023; Bréhard, Mah-
boubi, and Pous 2019), but we are not aware of any solution
for Datalog. This is surprising since the logical semantics
of Datalog leads to structured proofs that are suitable certifi-
cates. Indeed, systems like Nemo and Soufflé include trac-
ing features that can produce proof trees for their derivations.

The task for our checker is to take such a proof tree as
input and, given the underlying Datalog program, to check
if the proof tree is indeed correct. We allow our checker to
ingest JSON-formatted inputs that encode Datalog rules and
proofs in an implementation-independent exchange format.
Besides the traditional proof trees encoding, we consider a
redundancy-avoiding encoding as proof graphs that can be
exponentially more succinct. We evaluate the feasibility and
performance using synthetic and real-world Datalog tasks
and proofs generated by the Datalog engine Nemo.

In this extended abstract of our full paper (Tantow et al.
2025), we give an overview of the formalization and imple-
mentation of our verified Datalog proof checker. Many Lean
symbols link to their formal definitions in our repository.’

"https://github.com/knowsys/CertifyingDatalog/tree/v0.2.0
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Nemo Size(T) Size(G)
(1a) 59s 320KB 515KB
(Ib) <0.1s 53MB 1.7MB
?2) <0.1s 313MB 16KB
A3 7.8s 87MB 9.9MB

Size(O) Time(T) Time(G) Time(O)

320KB 0.1s 0.1s 0.1s
564KB 2.7s 0.2s 0.1s

12KB 16s <0.1s <0.1s
4.4MB 0.3s 0.4s 0.2s

Table 1: Evaluation (times and proof sizes) using trees (T), and unordered/ordered graphs (G/O)

2 Verifying Different Proof Formats

We start by formalizing the basic building blocks of
the syntax of Datalog based from terms to programs in
Basic.lean. As the mathematical baseline for the for-
mal verification of the implementation of our checker, we
define the modelTheoreticSemantics as the set of
all ground atoms that occur in every model and prove this
set to be the least model. Additionally, we define the
proofTheoreticSemantics as the set of all atoms
that have a valid ProofTree. A ProofTree is a stan-
dard inductive tree definition labeled with ground atoms (a
ProofTreeSkeleton) together with a predicate that de-
scribes its validity. We can inductively define when such a
ProofTreeSkeleton.isValid for a knowledge base
by asserting the existence of an appropriate rule in each
step. To increase trust in this formal baseline, we prove
that both semantics are equivalent, as they should be, in
modelAndProofTreeSemanticsEquivalent. Our
checker implementation will consequently be verified
against the proofTheoreticSemantics.

The straightforward check, checkvalidity, takes in
a ProofTreeSkeleton and outputs whether it is valid
or not. This check is implemented in such a way that
Lean can compile it into executable code, which would
not be possible for the mathematical description given in
ProofTreeSkeleton.isValid. We then only need to
prove that checkValidity indicates success if and only
if the tree is indeed valid with respect to the formal def-
inition: checkValidityOkIffIsvValid. One of the
main challenges here is to find rules that match the steps in
the tree, which requires a basic unification algorithm.

In Datalog proofs where atoms are used multiple times in
the derivation, it can be beneficial to represent derivations
not as trees but as directed acyclic graphs. With this ap-
proach, we also aim to boost performance of our validation
procedure. For this, we use adjacency lists to associate each
node with a list of its predecessors. We propose two en-
codings: the first, called unordered, encodes the adjacency
list as a hash map (see Graph); the second, called ordered,
uses an array instead (see OrderedProofGraph). The
second approach gets its name because it requires the input
to be topologically sorted, i.e. added nodes may only refer-
ence nodes as predecessors that have already been added to
the array before. In particular, the indices of the predeces-
sors of a node are always smaller than the node’s index. For
the ordered approach, this directly guarantees acyclicity of
the encoded graph. For the unordered approach, this is not
necessarily the case and needs to be validated.

Both validations have the following essential ingredients.
We put hyperlinks to the respective implementations by “O”
(ordered) and “U” (unordered). (1) they allow the extraction
of ProofTreeSkeletons (0/U), (2) they have a mathe-
matical description for what it means for them to be valid
(0/U), (3) there is a proof showing that their validity accord-
ing to (2) implies validity of their skeleton from (1) (0/U),
(4) they have a check for validity that compiles to executable
code (0/U), and (5) the check from (4) indicates success if
and only if the graph is valid according to (2) (0/U).

Because of the nature of the ordered approach, all these
parts are relatively straightforward. The unordered approach
requires machinery to implement and verify a depth-first
search through the graph that checks (4) but also ensures
graph acyclicity. We refer the interested reader to our full
paper (Tantow et al. 2025) for details.

3 Evaluation

To obtain Datalog consequences and proofs for our evalu-
ation, we use the Datalog reasoning engine Nemo (Ivliev
et al. 2024), which has a tracing feature that returns proof
graphs in a custom JSON format.? Nonetheless, our checker
is engine-agnostic and can work with any engine that returns
traces as some sort of graph or tree. The result of the en-
gine has to be submitted in a simple JSON-encoding as seen
in examples. We consider three scenarios (1a), (1b), (2)
that are based on computing the transitive closure of a re-
lation where (2) is extended to create exponential overhead
for representing proofs as trees as opposed to graphs. An-
other example (3) uses the real-world task of reasoning with
OWL EL ontologies, which is possible in pure Datalog. See
our paper (Tantow et al. 2025) or repository for details.

Table 1 reports the results including Nemo reasoning
times without tracing. The other columns give the proof
file sizes and total validation time for the scenarios repre-
senting proofs as trees (T), unordered graphs (G), or ordered
graphs (O). Times are overall wall-clock times of the proto-
type checker averaged over 5 runs, and sizes refer to JSON.

Overall, even the check based on unordered graphs is very
fast in all cases and the tree-based implementation achieves
similar performance in cases (1a) and (3). The advantages of
graphs are seen when considering many overlapping proofs
(1b) and, as expected, for rules that realize the exponential
worst-case penalty of using proof trees (2). The ordered
graph approach outperforms the others in all scenarios re-
garding both time and memory.

>The Nemo version used was https:/github.com/knowsys/
nemo/releases/tag/v0.7.1
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