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Abstract
Rule mining has been extensively studied for RDF knowledge bases. However, it remains difficult on multi-table
relational databases, because the search space grows rapidly with the number of relations and attributes. We
present MARITA, an approach for mining approximate Horn rules directly from relational databases. MARITA
combines a compact, non-redundant rule representation with foreign-key-guided joins and a novel relation-disjoint
semantics that prevents repeated relation occurrences from being satisfied by the same tuple. Its search procedure
exploits Horn-specific pruning and evaluates candidate rules directly in SQL. Experiments on 83 public relational
benchmarks show that MARITA frequently runs in subsecond time and achieves speed-ups of up to 104× over
existing systems.

Keywords
Rule mining, relational databases, Horn rules

1. Introduction

Horn rules can capture patterns in structured data, such as, e.g., the observation that married partners
usually live in the same place: married(𝑥, 𝑦) ∧ livesIn(𝑥, 𝑧) ⇒ livesIn(𝑦 , 𝑧). Such rules serve a variety
of purposes: They can be used to impute missing data, to flag inconsistencies, to find exceptions to
general phenomena, to propose constraints, or to extract general insights about the data [1]. Finding
such rules automatically is called rule mining.
Several successful rule mining approaches exist for RDF knowledge bases, with prominent systems

being AMIE [2], Rudik [3], and AnyBURL [4]. These systems use different strategies to scale to
millions of triples. However, rule mining is so far much less successful on relational databases: Systems
such as Metanome [5], SPIDER [6], or FastFDs [7] mine only specific sub-types of rules such as
functional dependencies or inclusion dependencies. Systems that mine more general rules (inductive
logic programming approaches), such as Popper [8] or FOIL [9] are powerful, but require significant
amounts of working memory. Even MATILDA [10], our own previous system for mining Tuple-
generating dependencies (TGDs) on databases, struggles on larger databases. This is not surprising:
Rule mining scales exponentially with the number of columns and is thus inherently expensive [11].

In this paper, we propose MARITA1, an approach that modifies MATILDA to mine Horn rules instead
of TGDs. In the MATILDA evaluation, 96% of the mined rules were Horn rules anyway [10], and we
thus do not lose much by focusing on this class. We do not just optimize the MATILDA algorithm for the
case of Horn rules, but we also introduce a relation-disjoint semantics, by which repeated occurrences
of the same relation that use different primary-key variables must be witnessed by tuples with different
primary-key values. Our experiments show that MARITA finds these rules orders of magnitude faster
than competitors.
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MARRIED Partner1 Partner2 latex trick RESIDENCE Person Zip City

Elvis Priscilla Elvis 37501 Memphis
Priscilla Elvis Priscilla 37501 Memphis

Lisa 37502 Memphis

Figure 1: A toy database, keys in bold

2. Problem Statement

We refer the reader to [10, 12, 13] for a definition of relational databases, relations, schemas, keys,
attributes, and foreign keys. Figure 1 shows a simple database with two tables, 5 attributes, and 2 keys
(in bold). Here, Married.Partner1 and Married.Partner2 are foreign keys for Residence.Person.
In what follows, we consider a fixed database instance, and write 𝑟(𝑎1, ..., 𝑎𝑛) to mean that the tuple
⟨𝑎1, ..., 𝑎𝑛⟩ is in the relation 𝑟 in that database instance (we say the relation holds for that tuple). We work
under the closed world semantics, meaning that 𝑟(𝑎1, ..., 𝑎𝑛) is false iff the tuple is not in 𝑟. We do not
consider NULL values. A Horn rule 𝑟 is a universally quantified implication 𝐵1(𝑥1)∧⋯∧𝐵𝑚(𝑥𝑚) ⇒ 𝐻(𝑦),
where 𝐵1, … , 𝐵𝑚, 𝐻 are relations, each component is called an atom, the part left of the arrow is the body,
and the right part is the head. In our toy example, the rule “married people live in the same place” is

married(𝑥, 𝑦) ∧ residence(𝑥, 𝑧, 𝑐) ⇒ residence(𝑦 , 𝑧, 𝑐)

All variables in the head must occur in the body. The length of 𝑟 is |𝑟 | = 𝑚 + 1. We consider only
foreign-key joinable rules, i.e., all different attributes that are joined by the same variable are linked by
a foreign key [10]. We further focus on rules that are safe, i.e., all variables of the head atom appear
also in at least one body atom, and that are connected, i.e., each atom is transitively connected to each
other atom by shared variables [2]. Two rules are equivalent if one can be obtained from the other by
renaming variables, and permuting body atoms without changing the head atom, the multiset of body
atoms, or the induced join equalities. The support of a rule in a database instance is the number of
assignments from variables in the head of the rule to constants for which there exists an assignment for
the remaining variables so that all atoms hold in the instance. The support of our example rule is 2,
because there are two assignments of 𝑦, 𝑧, 𝑐 that can be extended to make all atoms of the rule hold.

The proto-rule of a rule is the conjunction of its atoms. A recursive proto-rule is a proto-rule where at
least one relation appears more than once. We index each relation by its occurrence number, so that a
recursive proto-rule takes the form ⋀𝑟⋀

𝑛𝑟
𝑖=1 𝑟𝑖(𝑥𝑟 ,𝑖). In our example, the protorule is married1(𝑥, 𝑦) ∧

residence1(𝑥, 𝑧, 𝑐) ∧ residence2(𝑦 , 𝑧, 𝑐).
Given a database instance 𝐷, a support threshold 𝜅, and length bound 𝐿, rule mining is the task of

returning safe and connected Horn rules 𝑟 such that (i) all joins in 𝑟 correspond to foreign keys, (ii) 𝑟 is
not equivalent to a previously returned rule, (iii) |𝑟 | ≤ 𝐿, and (iv) the support of 𝑟 in 𝐷 is at least 𝜅.

3. MARITA

To mine rules, MARITA takes inspiration from MATILDA: It constructs a candidate graph, where each
node is a pair of indexed attribute occurrences of the form ⟨𝑡𝑖.𝑎, 𝑡′𝑖′ .𝑎

′⟩. Each node thus corresponds to a
join condition in the rule, and we write such a node as 𝑡𝑖.𝑎 = 𝑡′𝑖′ .𝑎

′. In our example rule from Section 2,
one join condition is residence1.zip = residence2.zip. An edge connects an attribute pair 𝑡𝑖.𝑎 = 𝑡′𝑖′ .𝑎

′ to an
attribute pair 𝑡″𝑖″ .𝑎

″ = 𝑡‴𝑖‴ .𝑎
‴ if a relation occurrence of the first pair appears in the second pair, or if an

attribute from the first pair is joinable with an attribute from the second pair. Traversing an edge thus
corresponds to adding a join condition to the rule. Traversing the entire graph in a systematic fashion
enumerates all possible protorules [10].

MARITA departs in three ways from MATILDA: First, the transformation of protorules into rules is
simpler. As MATILDA mines full-fledged TGDs, it has to consider all subsets of atoms of the protorule



for the head. MARITA, which mines only Horn rules, can limit itself to choosing each atom of the
protorule as a head atom to create as many Horn rules per protorule as there are atoms in it. This
allows for pruning, as follows: Any rule with a support lower than the given support threshold allows
pruning all rules that have the same head atom and contain all body atoms – an optimization that was
not possible in full generality in MATILDA.
Second, the focus on Horn rules revealed a crucial shortcoming that impacts not just MATILDA,

but also AMIE2: In the calculation of support, different occurrences of the same relation can have the
variables bind to the same values. Take, e.g., the rule “People who live in the same city have the same
ZIP code”: residence(𝑝, 𝑧, 𝑐) ∧ residence(𝑝′, 𝑧′, 𝑐) ⇒ residence(𝑝′, 𝑧, 𝑐). Intuitively, this rule should have
a support of 2 in our toy example (because two people share city and ZIP code). But it has a support of
3. This is because 𝑝′ can be bound to any of the three people in the table Residence, and 𝑝 can simply
be bound to that same value. To prevent repeated occurrences that use different primary-key variables
from collapsing onto the same database tuple, we define the relation-disjoint semantics:

Definition 1. Let 𝜙 be a recursive proto-rule. For each relation 𝑟 occurring in 𝜙, let its occurrences be
𝑟1(𝑥𝑟 ,1), … , 𝑟𝑛𝑟(𝑥𝑟 ,𝑛𝑟). Let pk(𝑟) denote the set of primary-key attributes of 𝑟. For two occurrences 𝑖 < 𝑗,
define

𝐾𝑟 ,𝑖,𝑗 = {𝑘 ∈ pk(𝑟) | 𝑥𝑟 ,𝑖[𝑘] and 𝑥𝑟 ,𝑗[𝑘] are distinct variables} .

The relation-disjoint condition of 𝜙 is

𝐷𝑆(𝜙) = ⋀
𝑟

⋀
1≤𝑖<𝑗≤𝑛𝑟
𝐾𝑟 ,𝑖,𝑗≠∅

( ⋁
𝑘∈𝐾𝑟 ,𝑖,𝑗

𝑥𝑟 ,𝑖[𝑘] ≠ 𝑥𝑟 ,𝑗[𝑘]) .

Thus, if two occurrences of the same relation use different variables in at least one primary-key position,
their primary-key values must differ in at least one such position. If they use identical variables in all
primary-key positions, no additional constraint is introduced for that pair. The relation-disjoint support
of a rule is the number of head assignments that can be extended to satisfy all rule atoms together with
𝐷𝑆(𝜙), where 𝜙 is the proto-rule of the rule.

For our example rule, the proto-rule is

𝜙 = residence1(𝑝, 𝑧, 𝑐) ∧ residence2(𝑝′, 𝑧′, 𝑐) ∧ residence3(𝑝′, 𝑧, 𝑐).

The only primary-key attribute of residence is the person. For the pair (residence1, residence2), the
primary-key variables are 𝑝 and 𝑝′, so the condition is 𝑝 ≠ 𝑝′. The same condition is obtained
for (residence1, residence3). For (residence2, residence3), both primary-key positions contain the same
variable 𝑝′, so 𝐾residence,2,3 = ∅ and no additional constraint is introduced. Hence

𝐷𝑆(𝜙) = (𝑝 ≠ 𝑝′) ∧ (𝑝 ≠ 𝑝′) ≡ 𝑝 ≠ 𝑝′.

Adding this condition to the computation of support yields the desired value, 2.
Finally, MARITA departs from MATILDA by a completely revamped code bases. The system is

implemented as a Python library and has no dependency on an external rule-mining system. Most
notably, MARITA interfaces the input database through SQL, so that the system can work on any
relational database without requiring any preprocessing.

Theoretical guarantees. MARITA inherits the completeness guarantee of MATILDA [10]. The
algorithm enumerates all safe and connected protorules joined by foreign keys with a non-zero support.
Since MARITA considers every atom of a protorule as head, the system enumerates all Horn rules in
the hypothesis space, up to equivalence. Relation-disjointness affects the evaluation of candidate rules
but not their enumeration: MARITA still considers every atom of each enumerated proto-rule as a
possible head. In our experiments, support is computed using the relation-disjoint condition above.
2For AMIE the problem was not very important, because in knowledge bases it appears only with rule lengths greater than 3,
which were previously shown to be less informative [14] and are thus generally not considered.



4. Evaluation

We evaluate MARITA on 83 multi-table datasets from the CTU Prague Relational Learning Repos-
itory [15], migrated to SQLite. All experiments run on a server with an Intel Xeon E5-2650 v2 @
2.60GHz processor, with a one-hour time limit, a 10 GB memory cap per job, a maximum rule length of
3, a maximum of 6 variables, and a minimal support of one. We compare against Popper [8], AMIE 3 [16],
SPIDER [6], and MATILDA [10]. Table 1 reports representative results for a sample of ten databases
(the complete benchmark results and all experimental settings are available on our GitHub repository).
Our sample illustrates the range of outcomes across systems, including cases where runtimes vary
substantially or a system times out or runs out of memory, showing that there is no uniform success
and no uniformly fastest runtime for any one system.

Table 1
Representative benchmark results for ten datasets with their number of columns (#C). Time is in seconds; #R is
the number of rules; OOM is Out of memory; OOT is Timeout

Popper Spider AMIE 3 MATILDA MARITA

Database #C #R Time #R Time #R Time #R Time #R Time

Biodegradability 14 0 20.55 7 1.58 2 3.74 OOT 3600.10 39 48.00
Bupa 16 0 17.09 58 1.07 0 1.04 2327 94.89 83 3.62
Carcinogenesis 23 OOT 3601.03 25 2.08 8 3.61 OOT 3600.45 198 493.20
CDESchools 90 OOM 302.30 55 12.43 834 94.05 OOT 3600.00 7 9.93
classicmodels 59 OOM 275.81 132 2.11 31 2.66 OOT 3600.52 59 5.76
Countries 67 OOM 298.75 11 11.86 67579 313.90 OOM 1709.95 15 45.94
Dunur 34 0 28.56 164 1.60 0 0.52 25164 3523.45 994 11.69
PTE 76 OOT 3601.03 300 2.11 0 3.61 OOT 3600.17 1813 207.26
tpcd 61 OOM 734.58 OOM 696.35 OOM 742.23 OOM 805.83 0 64.99
tpcds 425 OOM 1387.03 OOM 1383.50 OOM 1652.11 OOM 1539.00 OOM 104.23

Runtime results are not directly comparable, because the systems are designed to return different kinds
of rules: SPIDER targets unary inclusion dependencies (and also returns dependencies without support
in the data), AMIE 3 targets graph-level predicate associations after relational-to-RDF conversion,
Popper searches a broader ILP space, and MATILDA mines approximate TGDs, which are a superset of
Horn rules. To speed up MATILDA, we configured it to return only rules with a single head atom (it still
returns rules where the head atom has an existential variable). MARITA targets non-vacuous, foreign-
key–joinable, safe, connected, and non-duplicate Horn rules with a non-zero support. Its smaller rule
sets are therefore expected. When we restrict the outputs of the other systems to MARITA’s type of rules,
only 825 rules remain in total across all competitors. We conducted an audit of these rules and found
that MARITA indeed finds all of them (up to variable renaming). The rules not recovered by MARITA
were predominantly either outside our foreign-key-joinable hypothesis class (165,771 rules) or vacuous
self-witnessing patterns (13,115). We also disabled the disjoint semantics on the Biodegradability
database for ablation. At 𝑁 = 2, the disjoint version of MARITA finds 7 rules and terminates, while the
non-disjoint version finds 12 rules and then times out. This shows that relation-disjointness does not
just suppress redundant self-joins, but also reduces the search space measurably.

5. Conclusion

MARITA shows that Horn rules can be mined not just on RDF knowledge bases, but also on database
tables. This becomes possible by focusing on foreign-key joinability and by relying on our newly
introduced disjoint semantics. Future work will investigate how MARITA could work directly with RDF
input, and how the rules can be used in R2RML [17] or SHACL [18]. All code and data, as well as example
rules, all mined rules, and all experimental settings are available at https://github.com/PHParis/MARITA.

https://github.com/PHParis/MARITA
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