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Abstract

The goal of inductive logic programming (ILP) is to find a
set of logical rules that generalises training examples and
background knowledge. We introduce an ILP approach that
identifies pointless rules. A rule is pointless if it contains a
redundant literal or cannot discriminate against negative ex-
amples. We show that ignoring pointless rules allows an ILP
system to soundly prune the hypothesis space. Our experi-
ments on multiple domains, including visual reasoning and
game playing, show that our approach can reduce learning
times by 99% whilst maintaining predictive accuracies.

Code — https://github.com/logicand-learning-lab/aaai26-
implications
Extended version — https://arxiv.org/pdf/2502.01232

1 Introduction

The goal of inductive logic programming (ILP) is to induce
a hypothesis (a set of logical rules) that generalises training
examples and background knowledge (BK) (Muggleton 1991;
Cropper and Dumancié¢ 2022).

To illustrate ILP, suppose we have BK with the relations
succ/2, 1t/2, gt/1, int/1, even/l, odd/1 and the following posi-
tive (E) and negative (E ) examples:

E* ={f(5), f(7)}

E™ ={f(2), fi3), fi4), f(6), i8), f19)}
Given this input, we might want to learn a rule such as:

r1 =flA) < odd(A), gt(A,3), It(A,8)
This rule says that f{A) is true if A is odd, greater than 3, and
less than 8.

An ILP learner tests rules on the examples and BK and
uses the outcome to guide the search. For instance, suppose a
learner tests the rule:

f(A) < even(A)
This rule is too specific because it does not entail any positive
example. Therefore, a learner can ignore its specialisations,
such as:

f(A) < even(A), gt(A,2)
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Similarly, suppose a learner tests the rule:
o = f{A) < odd(A), int(A)

This rule is too general because it entails two negative ex-
amples (f{3) and f{(9)). Therefore, a learner can ignore its
generalisations. A learner will not necessarily ignore its spe-
cialisations because one could still be helpful, such as:

75 = flA) < odd(A), int(A), gt(A,3), I{(A,8)

This rule entails all the positive and none of the negative
examples.

However, 75 and r3 are pointless because odd(A) implies
int(A), so we can remove inf(A) whilst preserving semantics.
We call such rules reducible rules.

Now consider the rule:

f(A) < It(A,B)

This rule entails all the positive and all the negative examples,

so a learner can ignore its generalisations. However, although

it entails all the negative examples, we cannot ignore its

specialisations as one might still be a good rule, such as 7.
Now consider the specialisation:

flA) < It(A, 10)

This rule entails all the positive and negative examples, so
a learner can ignore its generalisations. However, unlike the
previous rule, a learner can ignore its specialisations. The
reason is that the literal /#(A, 10) implies all the negative ex-
amples, i.e. there is no negative example greater than 10.
Moreover, this literal cannot be further specialised (besides
grounding the variable A and thus disconnecting the head
literal from the body). We call such rules indiscriminate rules.

The novelty of this paper is to show that ignoring reducible
and indiscriminate rules allows us to efficiently and soundly
prune the hypothesis space and thus improve learning per-
formance. Although existing approaches find reasons why
a rule fails on examples, such as having erroneous literals
(Muggleton, Lin, and Tamaddoni-Nezhad 2015; Cropper and
Hocquette 2024) or rules (Shapiro 1983; Raghothaman et al.
2020), they do not find reducible or indiscriminate rules.

We demonstrate our idea in the new ILP system REDUCER.
This system builds on POPPER (Cropper and Morel 2021;
Hocquette et al. 2024), which can learn optimal and recursive
hypotheses from noisy data. The key novelty of REDUCER
is identifying pointless rules and building constraints from
them to prune the hypothesis space.



Novelty and Contributions The novelty of this paper is
identifying pointless rules and building constraints from them
to prune the hypothesis space of an ILP system. The impact,
which we demonstrate on multiple domains, is vastly reduced
learning times. Overall, we contribute the following:

* We define two types of pointless rules: reducible and
indiscriminate. We show that specialisations of reducible
rules are also reducible (Proposition 1). Likewise, we
show that specialisations of indiscriminate rules are also
indiscriminate (Proposition 3). Finally, we show that a
hypothesis with a reducible or indiscriminate rule is not
optimal (Propositions 2 and 4).

* We introduce REDUCER, an ILP system which identifies
pointless rules in hypotheses, including recursive hypothe-
ses, and builds constraints from them to prune the hy-
pothesis space. We prove that REDUCER always learns an
optimal hypothesis if one exists (Theorem 1).

* We experimentally show on multiple domains, including
visual reasoning and game playing, that our approach can
reduce learning times by 99% whilst maintaining high
predictive accuracies.

2 Related Work

ILP. Many ILP systems use bottom clauses (Muggleton 1995;
Srinivasan 2001) or variants (Ray 2009) to restrict the hy-
pothesis space. Building bottom clauses can be expensive
(Muggleton 1995). In the worst case, a learner needs a bottom
clause for every positive example. Bottom clause approaches
struggle to learn hypotheses with recursion or predicate in-
vention. REDUCER does not use bottom clauses.

Redundancy in ILP. Fonseca et al. (2004) define self-
redundant clauses similar to reducible rules (Definition 8)
but cannot guarantee that specialisations are redundant (un-
like Proposition 1) and require users to provide redundancy
information. Raedt and Ramon (2004) check redundancy
before testing but require anti-monotonic constraints (hold-
ing for generalisations, not specialisations) and do not iden-
tify implications between literals. By contrast, REDUCER
finds implications to prune specialisations. Zeng, Patel, and
Page (2014) prune syntactic redundancy (e.g. duplicate vari-
ables), whereas we detect semantic redundancy. Srinivasan
and Kothari (2005) compress bottom clauses statistically; we
avoid bottom clauses.

Rule selection. Many systems (Corapi, Russo, and Lupu
2011; Kaminski, Eiter, and Inoue 2019; Raghothaman et al.
2020; Bembenek, Greenberg, and Chong 2023; Law 2023)
precompute every possible rule in the hypothesis space and
then search for a subset that generalises the examples. Be-
cause they precompute all possible rules, they cannot learn
rules with many literals and can build pointless rules. For
instance, ILASP4 (Law 2023) will precompute all rules with
int(A) and even(A) in the body. By contrast, REDUCER builds
constraints from pointless rules to restrict rule generation.
If REDUCER sees a rule containing in#(A) and even(A), it
identifies that even(A) implies inf(A) and henceforth never
builds a rule with both literals.

Constraints. Many recent ILP systems frame the ILP prob-
lem as a constraint satisfaction problem (Corapi, Russo, and
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Lupu 2011; Ahlgren and Yuen 2013; Schiiller and Benz 2018;
Kaminski, Eiter, and Inoue 2019; Bembenek, Greenberg, and
Chong 2023). MUSPER (Cropper and Hocquette 2024) finds
minimal sub-hypotheses that can never be true and builds
constraints from them to prune the hypothesis space. For
instance, given the rule f{A) < succ(A,B),odd(B),even(B),
MUSPER can identify that a number cannot be both odd and
even and then prunes the hypothesis space accordingly. By
contrast, REDUCER finds pointless rules with redundancy.

Rule induction. ILP approaches induce rules from data,
similar to rule learning methods (Fiirnkranz and Kliegr 2015)
such as AMIE+ (Galarraga et al. 2015) and RDFRules (Ze-
man, Kliegr, and Svatek 2021). Most rule-mining methods
are limited to unary and binary relations, require facts as
input, and operate under an open-world assumption. By con-
trast, REDUCER operates under a closed-world assumption,
supports arbitrary-arity relations, and can learn from definite
programs as background knowledge.

Redundancy in AL Theorem proving has preprocessing
techniques for eliminating redundancies (Hoder et al. 2012;
Khasidashvili and Korovin 2016; Vukmirovic, Blanchette,
and Heule 2023). In SAT, redundancy elimination techniques,
such as blocked clause elimination (Kullmann 1999), play an
integral role in modern solvers (Heule, Jirvisalo, and Biere
2010; Barnett, Cerna, and Biere 2020; Biere, Jarvisalo, and
Kiesl 2021). Similar to this paper, SAT redundancy elimina-
tion identifies clauses containing literals that always resolve
to tautologies.

3 Problem Setting

We assume familiarity with logic programming (Lloyd 2012)
but have included summaries in the supplementary material.
For clarity, we define some key terms. A rule r is a defi-
nite clause of the form h < p1,...,p, where h,p1,...,pn
are literals, head(r) = h, and body(r) = {p1,...,pn}. A
definite program is a set of definite clauses. We use the
term hypothesis interchangeably with a definite program.
We denote the set of variables in a literal [ as vars(l).
The variables of a rule r, denoted vars(r), is defined as
vars(head(r)) U U pepoay(r) vars(p). Given a rule r and a

set of literals C, by » U C we denote the rule 7’ such that
head(r") = head(r) and body(r') = body(r) U C. A spe-
cialisation of a rule r is a rule ' that is #-subsumptively
more specific than r, where § = {v1/t1,...,v,/t,} is a
substitution simultaneously replaces each variable v; by term
t; (See (Plotkin 1971) and the Appendix). We focus on a re-
stricted form of #-subsumption which only considers whether
the bodies of two rules with the same head literal are con-
tained in one another, i.e., no variable renaming. We formally
define this restriction through a subrule relation:

Definition 1 (Subrule). Let r; and r5 be rules. Then r is a
subrule of ro, denoted 1 C ro, if head(r1) = head(r2) and
body(r1) C body(rs).

We generalise the subrule relation to a sub-hypothesis relation.
Unlike the subrule relation, the sub-hypothesis relation is not
a restriction of f-subsumption:



Definition 2 (Sub-hypothesis). Let h; and ks be hypotheses
and for all »; € h; there exists 7o € hy such that 7y C 7.
Then h; is a sub-hypothesis of hsy, denoted hy C ho.

The sub-hypothesis relation captures a particular type of
hypothesis that we refer to as basic. These are hypotheses
for which specific rules do not occur as part of a recursive
predicate definition:

Definition 3 (Basic). Let i be a hypothesis, 71 a rule in h,
and for all 75 in h, the head symbol of r; does not occur in a
body literal of 9. Then 71 is basic in h.

As we show in Section 3, under certain conditions we can
prune hypotheses containing sub-hypotheses that are basic
with respect to a contained rule.

Inductive Logic Programming

We formulate our approach in the ILP learning from entail-
ment setting (De Raedt 2008). We define an ILP input:

Definition 4 (ILP input). An ILP input is a tuple (E, B, H)
where E = (ET,E™) is a pair of sets of ground atoms
denoting positive (E™) and negative (E~) examples, B is
background knowledge, and H is a hypothesis space, i.e., a
set of possible hypotheses.

We restrict hypotheses and background knowledge to definite
programs with the least Herbrand model semantics.
We define a cost function:

Definition 5 (Cost function). Given an ILP input (E, B, H),
a cost function costg g : H + N assigns a numerical cost
to each hypothesis in H.

Given an ILP input and a cost function cost g, g, we define
an optimal hypothesis:

Definition 6 (Optimal hypothesis). Given an ILP input
(E, B,H) and a cost function costg, g, a hypothesis h € H
is optimal with respect to costg, g when Vh' € H, costg g(h)
< costg, g(h).

We use a cost function that first minimises misclassified
training examples, then minimises the number of literals
in a hypothesis. False positives are negative examples en-
tailed by h U B. False negatives are positive examples
not entailed by h U B. We denote these as fpg g(h) and
fne p(h) respectively. We define size : H — N as the
number of literals in h € H. We use the cost function

costg g(h) = (fre,s(h) + fne B(h), size(h)).

Pointless Rules

We want to find rules that cannot be in an optimal hypothesis.
We focus on reducible and indiscriminate rules.

A reducible rule contains a body literal that is implied by
other body literals. For example, consider the rules:

r1 = h <+ odd(A), int(A)
ro = h <+ odd(A)
The rule r; is reducible because odd(A) implies int(A). There-
fore, ry is logically equivalent rs.
As a second example, consider the rule:

h < gt(A,B), gt(B,C), gt(A,C)
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This rule is reducible because the relation g#/2 is transitive,
i.e. gt(A,B) and g#(B,C) imply gt(A,C).

Because it contains a redundant literal, a reducible rule
cannot be in an optimal hypothesis. However, a specialisation
of a reducible rule could be in an optimal hypothesis. For
instance, consider the rule:

r1 = h < member(L,X), member(L,Y)

In this rule, member(L,X) implies member(L,Y) and vice-
versa, so one of the literals is redundant. However, we could
still specialise this rule as:

ro = h < member(L,X), member(L,Y), gt(X,Y)

Rules r; and r5 are not logically equivalent, and 72 could be
in an optimal hypothesis.

A key contribution of this paper is to identify reducible
rules where we can prune all their specialisations. The idea
is to identify a redundant captured literal. A captured literal
is one where all of its variables appear elsewhere in the rule.
For instance, consider the rule:

h < succ(A,B), succ(B,C), gt(C,A), gt(C,D)

In this rule, the literal g#(C,A) is captured because all its
variables appear elsewhere in the rule. By contrast, the lit-
eral g#(C,D) is not captured because the variable D does not
appear elsewhere in the rule.

We define a captured literal:

Definition 7 (Captured literal). Let be arule, [ € body(r),
and vars(l) C vars(body(r) \ {1}) Uvars(head(r)). Then
l is r-captured.

If a literal is captured in a rule then it is captured in its
specialisations:

Lemma 1. Let 1 and r, be rules such that ro C rq,1 €
body(rs), and [ be ro-captured. Then [ is 7 -captured.

Proof. Follows from Definition 1 as the subrule relation pre-
serves variable occurrence. O

We define a reducible rule:

Definition 8 (Reducible). Let r be a rule, B be BK, [ €
body(r) be r-captured, and B |= (body(r) \ {I}) — . Then
r i8S reducible.

Some specialisations of a reducible rule are reducible:

Proposition 1 (Reducible specialisations). Let B be BK,
r1 be a reducible rule, and r; C r5. Then 75 is reducible.

Proof. Let [ be a ri-captured literal and B = (body(r1) \
{l}) — . By Lemma 1, [ is also ry-captured. Let C' =
body(rs) \ body(ry). Then, (body(ri) \ {I}) — [ is sub-
sumptively more general than (body(r; U C) \ {I}) — I,
where ro = r; U C, i.e., if the former holds for r; than the
latter holds for r5. Thus, 75 is reducible. O

Certain hypotheses that contain a sub-hypothesis with re-
ducible rules are not optimal:

Proposition 2 (Reducible soundness). Let B be BK, h;
be a hypothesis, ho C hy, r1 be basic rule in hy, ro € ho,
ro C 71, and 75 be reducible with respect to B. Then h; is
not optimal.



Proof. By Proposition 1, r is also reducible implying that
there exists an | € body(ry) and rule r3 C r; such that
() B [ (body(r1) \ {l}) — [, (ii) 1 = r3 U {l}, and (ii)
|rs| < |r1]. Furthermore, r3 is basic given that 1 is basic. Let
h3 = (hl \{T1}) U {T3}. Then COSLLE,B(hg) < COStE,B(hl),
i.e. hy is not optimal. O

This proposition implies that if we find a reducible rule, we
can ignore hypotheses that include this rule or its specialisa-
tions.

We introduce indiscriminate rules, a weakening of re-
ducible rules. To motivate them, consider the rule:

flA) < odd(A), It(A,10)

This rule is not reducible because odd(A) does not imply
It(A,10), nor does It(A, 10) imply odd(A). However, suppose
we have the negative examples E~ = {f(1), f(2), f(3)}.
For these examples, the literal /#(A, 10) implies all the nega-
tive examples. In other words, there is no negative example
greater than 10. Therefore, this literal (and thus this rule) is
pointless because it cannot discriminate against the negative
examples. We formalise this notion of an indiscriminate rule:

Definition 9 (Indiscriminate). Let » be a rule, B be BK,
E~ be negative examples with the same predicate symbol as
the head of r, I € body(r) be r-captured, and foralle € E—,
B E (body(r) \ {I})0. — 10 where 07 is a substitution
with domain vars(head(r)) such that head(r)0. = e. Then
7 is indiscriminate.

Under certain conditions, specialisations of an indiscriminate
rule are indiscriminate:

Proposition 3 (Indiscriminate specialisations). Let B be
BK, r; be an indiscriminate rule, 71 C 79, and £~ be nega-
tive examples with the same predicate symbol as the head of
r1. Then ry is indiscriminate.

Proof. Let [ be an r-captured literal and for all e € E—,
B = (body(ri) \ {1})05r — 107'. By Lemma 1, [ is also
ro-captured. Let C' = body(rs2) \ body(r1). We deduce the
following for all e € E~: (body(r1) \ {I})05r — 105 is
subsumptively more general than (body(r; UC)\ {l})022 —
1072 where ro = (r; U C), i.e., if the former holds for 71,
than the latter holds for r5. Thus, r5 is indiscriminate. O

As with reducible rules, some hypotheses with an indiscrimi-
nate rule are not optimal:

Proposition 4 (Indiscriminate soundness). Let B be BK,
E~ be negative examples, h; be a hypothesis, r; be a basic
rule in hy, ho C hy, 79 € ho, 79 C 11, and ro be indiscrimi-
nate with respect to B and E~. Then h; is not optimal.

Proof. By Proposition 3, r; is also indiscriminate implying
that there exists I € body(r1) and r3 C r1 such that (i)
foralle € E-, B = (body(r1) \ {I})8;+ — 107, (ii)
ry = r3 U{l}, and (iii) |r3| < |r1|. Furthermore, r3 is basic
given that 71 is basic. Let hg = (hy \ {r1}) U {r3}. Then
costg p(hs) < costg p(h1),i.e. hy is not optimal. O

A hypothesis with a reducible or indiscriminate rule is not
optimal:
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Definition 10 (Pointless). Let (E, B, H) be ILP input. A
hypothesis h € H is pointless if there exists r € h such that
is reducible with respect to B or indiscriminate with respect
to Band E~.

Corollary 1. A pointless hypothesis is not optimal.

In Section 4, we introduce REDUCER, which identifies point-
less rules and prunes them from the hypothesis space.

4 Algorithm

We now describe REDUCER (Algorithm 1), which builds
on POPPER by identifying pointless rules and using them
to prune the hypothesis space. REDUCER takes as input
background knowledge (bk), positive (pos) and negative
(neg) training examples, and a maximum hypothesis size
(max_size). REDUCER follows POPPER and uses a generate,
test, and constrain loop to find an optimal hypothesis (Def-
inition 6). REDUCER starts with an answer set program P.
The (stable) models of P correspond to hypotheses (definite
programs) and represent the hypothesis space. In other words,
‘P encodes in ASP the search for a syntactically valid hy-
pothesis that satisfies given constraints. In the generate stage
(line 6), REDUCER uses an answer set programming (ASP)
solver to find a model of P. If there is no model, REDUCER
increments the hypothesis size and loops again (lines 7-9).
If there is a model, REDUCER converts it to a hypothesis h.
In the test stage, it uses Prolog to test h on the training ex-
amples (line 10). If A is better (according to a cost function)
than the previous best-seen hypothesis, REDUCER sets the
best hypothesis to h (line 12). In the constrain stage, RE-
DUCER builds hypothesis constraints (represented as ASP
constraints) from h. This step is identical to POPPER. For in-
stance, if h does not entail any positive examples, REDUCER
builds a specialisation constraint to prune its specialisations.
REDUCER saves these constraints (line 13) which it passes
to the generate stage to add to P to prune models and thus
prune the hypothesis space.

Algorithm 1: REDUCER.
1 def reducer(bk, pos, neg, max_size):

2 cons = {}

3 size =1

4 best_h, best_score = none, oo

5 while size < max_size:

6 h = generate(cons, size)

7 if h == UNSAT:

8 size += 1

9 continue

10 h_score = test(bk, pos, neg, h)
11 if h_score < best_score:

12 best_h, best_score = h, h_score
13 cons += build_cons(h, h_score)

14 if pointless(bk, neg, h):

15 cons += build_spec_basic_con(h)
16 cons += build_gen_basic_con(h)
17 return best_h

The novelty of REDUCER is checking whether a hypothe-
sis has a pointless rule (line 14) by calling Algorithm 2. We
describe Algorithm 2 below. If a hypothesis has a pointless



rule, REDUCER builds constraints to prune its generalisations
and specialisations, in which the pointless rule is basic. RE-
DUCER passes these constraints to the generate stage to add
to P to prune models and thus prune the hypothesis space of
other hypotheses with pointless rules.

REDUCER continues its loop until it exhausts the models of
‘P or reaches a timeout, at which point it returns the best-seen
hypothesis.

Algorithm 2: Finding pointless rules.

1 def pointless(h, neg, bk):
2 for rule in h:

3 if not basic(rule, h):

4 continue

5 head, body = rule

6 for literal in body:

7 body’ = body-literal

8 if not captured(head, body’, literal):
9 continue

10 if reducible(bk, body’, literal):

11 return true

12 if indiscriminate(bk, neg, rule, head, body’):
13 return true

14 return false

15

16 def reducible(bk, neg, body’, literal):

17 rule’ = (L, body’ U {—literal})

18 return unsat(bk, rule’)

19

20 def indiscriminate(bk, neg, rule, head, body’):
21 rule’ = (head, body’)

22 s1 = neg_covered(bk, neg, rule)

23 s2 = neg_covered(bk, neg, rule’)

24  return sl == s2

Pointless Rules

Algorithm 2 checks whether a hypothesis has a rule which
(i) is basic! (Definition 3), (ii) has a captured literal (Defini-
tion 7, line 8), and (iii) is reducible (Definition 8, line 10) or
indiscriminate (Definition 9, line 12). Algorithm 2 includes
two subprocedures for checking if a rule is reducible or in-
discriminate. The first procedure (lines 16-18) checks if the
query body’ U {—literal} is unsatisfiable over the background
knowledge. This query determines reducibility because it
checks whether a literal is implied by the body. The second
subprocedure (lines 20-24) checks if the subrule without the
captured literal entails the same negative examples as the
original rule. This query matches Definition 9. We use Prolog
to perform the unsat (line 18) and coverage (lines 22-23)
checks.

Correctness We show that REDUCER is correct:

Theorem 1 (REDUCER correctness). REDUCER returns an
optimal hypothesis if one exists.

'We enforce other syntactic restrictions, such as forcing literals
in a rule to be connected, where they cannot be partitioned into two
sets such that the variables in the literals of one set are disjoint from
the variables in the literals of the other set.

Proof. Cropper and Morel (2021) show that given optimally
sound constraints (an optimally sound constraint never prunes
an optimal hypothesis), POPPER returns an optimal hypothe-
sis if one exists (Theorem 1). REDUCER builds on POPPER
by pruning pointless (one with a reducible or indiscriminate
rule) hypotheses. By Corollary 1, a pointless hypothesis is
not optimal. Therefore, REDUCER never prunes an optimal
hypothesis so returns one if it exists. O

5 Experiments

We claim that pruning pointless rules enables sound and
efficient pruning of the hypothesis space, thereby improving
learning performance. To test this claim, our experiments aim
to answer the question:

Q1 Can pruning pointless rules reduce learning times whilst
maintaining predictive accuracies?

To answer Q1, we compare the performance of REDUCER
against POPPER. As REDUCER builds on POPPER, the only
experimental difference between the systems is the ability
to identify pointless rules and build constraints from them
to prune the hypothesis space. Therefore, this comparison
directly tests our claim.

Checking whether a rule is reducible or indiscriminate
requires testing hypotheses on the BK and examples and thus
incurs an overhead cost. To understand the cost of pruning
pointless rules, our experiments aim to answer the question:

Q2 What is the overhead of pruning pointless rules?

Q1 explores whether the combination of both types of point-
less rules, reducible (Definition 8) and indiscriminate (Defini-
tion 9), can improve learning performance. To understand the
impact of each type of rule, our experiments aim to answer
the question:

Q3 Can pruning reducible or indiscriminate rules alone re-
duce learning times?

To answer Q3, we compare the performance of REDUCER
against POPPER but where REDUCER identifies only re-
ducible rules or only indiscriminate rules, but not both.
Comparing REDUCER against other systems besides POP-
PER will not allow us to evaluate the idea of pruning pointless
rules because it will not allow us to identify the source of
empirical gains. However, many people expect comparisons
against other systems. Therefore, we ask the question:

Q4 How does REDUCER compare to other approaches?

To answer Q4, we compare REDUCER against POPPER,
ALEPH (Srinivasan 2001), and ASPSYNTH (Bembenek,
Greenberg, and Chong 2023).

Setup Each task contains training and testing examples and
background knowledge. We use the training examples to train
the ILP system to learn a hypothesis. We test a hypothesis
on the testing examples. Given a hypothesis h, background
knowledge B, and a set of examples, a true positive (tp)
is a positive example entailed by h U B, a true negative
(tn) is a negative example not entailed by h U B, a false
positive (fp) is a negative example entailed by A U B, and
a false negative (fn) is a positive example not entailed by
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h U B. We measure predictive accuracy as balanced accu-

1 tp(h) tn(h) .
racy: % (tp(h)ﬁfn(h) + m(h);fp(h».ln all experiments, we

measure predictive accuracy, termination times, and the time
taken to discover pointless rules, i.e. the overhead of our
approach. For Q1 and Q2 we use a timeout of 60 minutes
per task. For Q3, we use a timeout of 10 minutes per task.
We repeat each experiment 10 times. We plot and report
95% confidence intervals (CI). We compute 95% CI via boot-
strapping when data is non-normal. To determine statistical
significance, we apply either a paired t-test or the Wilcoxon
signed-rank test, depending on whether the differences are
normally distributed. We use the Benjamini—-Hochberg pro-
cedure to correct for multiple comparisons. All the systems
use similar biases. However, as with other rule selection ap-
proaches (Section 2), ASPSYNTH precomputes all possible
rules of a certain size and then uses an ASP solver to find a
subset. It is infeasible to precompute all possible rules, so we
set the maximum rule size to 4. We use an AWS moba.16xlarge
instance to run experiments where each learning task uses a
single core.

Reproducibility. The code and experimental data for re-
producing the experiments are available as supplementary
material and will be made publicly available if the paper is
accepted for publication.

Domains We use 449 tasks from several domains:

1D-ARC. This dataset (Xu et al. 2024) contains visual
reasoning tasks inspired by the abstract reasoning corpus
(Chollet 2019).

IGGP. In inductive general game playing (IGGP) (Cropper,
Evans, and Law 2020), the task is to induce rules from game
traces from the general game playing competition (Gene-
sereth and Bjornsson 2013).

IMDB. We use a real-world dataset which contains re-
lations between movies, actors, and directors (Mihalkova,
Huynh, and Mooney 2007).

List functions. The goal of each task in this dataset is to
identify a function that maps input lists to output lists, where
list elements are natural numbers (Rule et al. 2024).

Trains. The goal is to find a hypothesis that distinguishes
east and west trains (Larson and Michalski 1977).

Zendo. Zendo is a multiplayer game where players must
discover a secret rule by building structures.

Results

Q1. Can pruning Pointless Rules Reduce Learning Times
Whilst Maintaining Predictive Accuracies? Figure 1
shows the difference in learning times of REDUCER vs POP-
PER. In other words, Figure 1 shows the reduction in learning
times by ignoring pointless rules. Figure 1 shows that RE-
DUCER consistently and drastically reduces learning times.
Significance tests confirm (p < 0.05) that REDUCER reduces
learning times on 96/449 (21%) tasks and increases learning
times on 4/449 (1%) tasks. There is no significant difference
in the other tasks. The mean decrease in learning time is
28 + 4 minutes and the median is 24 minutes with 95% CI
between 11 and 43 minutes. The mean increase in learning
time is 8 £ 16 minutes and the median is 0 minutes with 95%
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CI between 0 and 34 minutes. These are minimum improve-
ments because POPPER often times out after 60 minutes. With
a longer timeout, we would likely see greater improvements.
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Figure 1: Learning time improvement of REDUCER over
POPPER. Values above the zero line indicate that REDUCER
reduces learning times. The tasks are ordered by the learning
time improvement. For legibility, we only show tasks where
the learning times differ by more than 1 second.

Figure 2 shows the difference in predictive accuracy of
REDUCER vs POPPER. Significance tests confirm (p < 0.05)
that REDUCER increases accuracy on 6/449 (1%) tasks. It de-
creases accuracy on 5/449 (1%) tasks. There is no significant
difference in the other tasks. The slight accuracy discrepancy
is because multiple optimal hypotheses may exist. The two
systems may find different ones. Two hypotheses with the
same training cost might have different test accuracy.
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Figure 2: Predictive accuracy improvement of REDUCER
compared to POPPER, i.e. when ignoring pointless rules.

REDUCER can drastically improve learning performance.
For instance, in the IGGP dataset, one of the tasks is to learn a
set of rules to describe a legal move in the eight puzzle game.
For this task, both REDUCER and POPPER learn hypotheses
with 100% accuracy. However, whereas POPPER does not
terminate (prove optimality) within 60 minutes, REDUCER
terminates (proves optimality) after only 12 4 0 seconds, a
99% improvement. A reducible rule that REDUCER finds is:

legal_move(A,B,C,D) < succ(D,E), posl(D), pos2(E)

This rule is reducible because the pos; relations denote posi-
tions in the game board, where pos; precedes pos; 1. There-



fore, if pos1(D) is true and F is the successor of D then
poss(E) must be true, and this literal is therefore redundant.
Three indiscriminate rules that REDUCER finds are:
legal_move(A,B,C,D) < role(B)
legal_move(A,B,C,D) < index(C)
legal_move(A,B,C,D) < index(D)

These rules are indiscriminate because role(B), index(C), and
index(D) are true for every negative example and thus are
redundant in the rule.

Overall, these results suggest that the answer to Q1 is
yes, pruning pointless can drastically improve learning times
whilst maintaining high predictive accuracies.

Q2. What Is the Overhead of Finding Pointless Rules?
Figure 3 shows the ratio of learning time spent finding point-
less rules. The mean overhead is 2%. The maximum is 80%.
The overhead is less than 10% on 85% of the tasks. Over-
all, these results suggest that the answer to Q2 is that the
overhead of pruning pointless is typically small (<10%).
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Figure 3: Overhead of finding pointless rules.

Q3. Can pruning Reducible or Indiscriminate Rules
Alone Reduce Learning Times? Figure 4 shows how the
learning change depending on whether REDUCER prunes
only reducible or only indiscriminate rules. Significance tests
confirm (p < 0.05) that pruning only reducible rules reduces
learning times on 93/449 (21%) tasks and increases learning
times on 1/449 (0%) tasks. There is no significant difference
in the other tasks. The mean decrease in learning time is
26 £ 5 minutes and the median is 17 minutes with 95% CI
between 7 and 34 minutes. The mean and median increase is
1 minute. Pruning only indiscriminate rules reduces learning
times on 101/449 (22%) tasks and increases learning times
on 5/449 (1%) tasks. There is no significant difference in the
other tasks. The mean decrease in learning time is 28 + 4
minutes and the median is 22 minutes with 95% CI between
8 and 42 minutes. The mean increase is 6 + 11 minutes and
the median increase is 0 minutes with 95% CI between 0 and
28 minutes. Overall, these results suggest that the answer
to Q3 is that both types of pointless rules drastically reduce
learning times.

Q4. How Does REDUCER Compare to Other Approaches?
Table 1 shows the predictive accuracies aggregated per do-
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Figure 4: Learning time improvement (minutes) when prun-
ing reducible and indiscriminate rules. Values in the upper
right quadrant indicate that pruning either reducible rules or
indiscriminate rules alone reduces learning time.

main of all the systems. REDUCER has higher accuracy than
ALEPH and ASPSYNTH on every domain. REDUCER has
higher or equal accuracy than POPPER on every domain.
Overall, these results suggest that the answer to Q4 is that
REDUCER compares favourably to existing approaches in
terms of predictive accuracy.

Task ‘ ALEPH ASPSYNTH POPPER REDUCER
1d 5444 89 +3 9241 92 4 1
alzheimer | 514+ 1 5742 7541 75+ 1
iggp 5745 68 +0 85+0 8540
imdb 5040 98 + 0 1000 100+ 0
jr 64 £ 11 8342 96 + 0 97 +0
trains 5040 76 + 2 8749 94 + 7
zendo 5346 82+ 0 84 +3 84+3

Table 1: Aggregated predictive accuracies (%).

6 Conclusions and Limitations

We have introduced an approach that identifies and ignores
pointless (reducible and indiscriminate) rules. We have shown
that ignoring pointless rules is optimally sound (Propositions
2 and 4). We implemented our approach in REDUCER, which
identifies pointless rules in hypotheses and builds constraints
from them to prune the hypothesis space. We have proven
that REDUCER always learns an optimal hypothesis if one
exists (Theorem 1). We have experimentally shown on multi-
ple domains, including visual reasoning and game playing,
that our approach can reduce learning times by 99% whilst
maintaining high predictive accuracies.

Limitations. The benefits of ignoring pointless rules
should generalise to other ILP approaches. For instance,
the improvements should directly improve HOPPER (Purgat,
Cerna, and Kaliszyk 2022), which learns higher-order pro-
grams, and PROPPER (Hillerstrom and Burghouts 2025),
which uses neurosymbolic inference to learn programs from
probabilistic data. Future work should empirically show how
our idea benefits these systems.
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