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Abstract

Link prediction is a critical task in knowledge graph applications, en-
abling the inference of missing information within graph-structured
data. However, existing evaluation protocols for link prediction are
computationally expensive, lack statistical soundness, and suffer
from various challenges, such as limited interpretability, inconsis-
tent graph splitting methods, leading to unreliable model assess-
ments. This research aims to establish new link prediction interpre-
tation methods for knowledge graphs that are robust and efficient
with statistical guarantees. It also aims to create a unified evalu-
ation protocol that integrates variations like subgraph selection,
graph splitting, and redundancy reduction. As the initial step, we
have developed a knowledge graph splitting mechanism, which we
present in this paper. Our research focuses on designing a robust
evaluation framework, scalable rule-mining techniques, and reli-
able statistical estimators to enhance the interpretability of link
prediction models.
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1 Introduction

A knowledge graph is a structured representation of information
from the real world, comprising entities of interest and their rela-
tionships [12]. Knowledge graphs are at the core of many services,
including search engines, social networks, product catalogs, and
large language models [7, 15, 18, 26]. A knowledge graph comprises
a set of triples of the form (s, p, 0), where s and o are entities con-
nected via a predicate p. This can be seen as a directed edge from
s to o with label p. Despite their wide adoption, most knowledge
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graphs remain incomplete, since it is hard to capture all the rela-
tionships among entities [5]. For example, there is no birthplace
information for 71% out of around 3 million people in Freebase [25].
To address this incompleteness, link prediction has emerged as a
crucial task to complete knowledge graphs. It infers missing triples
using models trained on existing data [3]. These models utilize
knowledge graph embeddings to encode entities and predicates
into a continuous vector space, which enables the prediction of new
triples. [10]. However, link prediction interpretation is challenging
due to the sub-symbolic nature of the knowledge graph embeddings
that link prediction relies on [2—-4, 22].

One approach to enhance the interpretability of link prediction
over knowledge graphs is through rule-based methods, where Horn
rules are mined from model predictions. Krishnan and Rivero [13]
proposed a model-agnostic method that extracts rules from triples
deemed plausible during link prediction evaluation. The method
focuses on rule quality measurements like support and confidence
to accomplish the interpretation. Although this approach helps
interpret diverse knowledge graph embedding architectures, it still
relies on rule mining and rule quality measurements. Rule mining
is computationally expensive, as models may generate a large num-
ber of deemed-plausible triples. Existing rule mining techniques
like AMIE [9] use an exact and exhaustive process that employs a
breadth-first search strategy, making it computationally expensive.
Although AMIE mitigates this issue with heuristic approximations
for rule quality estimation, these approximations are limited to
path-based rules and tied to the concept of predicate functionality,
limiting their generalizability. Alternatively, AnyBURL [17] adopts
a random exploratory mining, where it generates candidate rules
via random walks over the knowledge graph at hand. However, this
method lacks a clear termination criterion, making it challenging to
ensure the completeness of mined rules. Furthermore, the approxi-
mate measurements used for rule quality lack statistical soundness.
As a result, more efficient link prediction interpretation methods
with statistical guarantees are needed.

Another challenge lies in the link prediction evaluation protocol.
Variations in the protocol, such as subgraph selection, graph split-
ting, or redundancy reduction, have significant impacts on reported
accuracy and introduce biases in experiments [20, 23]. Focusing on
graph partitioning, random splitting fails to preserve the topologi-
cal and semantic properties of the graph at hand, introducing biases
that affect model performance and interpretability [1, 6]. Limited
research has addressed this, with Tiwari et al. [23] proposing a
degree-based splitting approach, leveraging statistical similarity
between in-degrees and out-degrees of the graph to ensure topolog-
ical consistency. However, this method is sensitive to the processing
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order of the triples as there is no measurement indicating the triples
that should be moved to the test split.

The main goal of my PhD research is to enhance the entire link
prediction evaluation protocol for knowledge graphs, addressing
the above critical challenges. Despite the substantial impact of these
factors on model evaluation, they remain underexplored in the con-
text of knowledge graphs, unlike other domains like computer
vision and natural language processing [19, 24]. Ambiguous evalu-
ation protocols can lead to misleading conclusions, obscuring true
model performance and undermining interpretability. To bridge
this gap, we propose a unified evaluation protocol for link predic-
tion interpretability. These research goals are further elaborated in
Sections 2, 3, and 4.

2 Research Agenda

To address our overarching research goal, the following research
questions are proposed:

e RQ1: Can we design a knowledge graph splitting strategy
that preserves topological and semantic properties across
the original graph and the training and test splits?

e RQ2: Can we develop a scalable rule-mining technique that
efficiently identifies meaningful rules without excessive com-
putational costs and expected termination criteria?

e RQ3: Can we establish robust statistical estimators to reli-
ably measure rule quality while maintaining computational
efficiency?

e RQ4: Can we integrate the above outcomes to enhance both
predictive performance and interpretability of link prediction
models over knowledge graphs?

In Section 3, we present our current research efforts that aim to
address RQ1.

3 Knowledge Graph Splitting Mechanism

Given a knowledge graph G, we represent it as (E, R, T;), where E
is the set of entities, R is the set of predicates, and T € EXRXE
is the set of triples. We aim to generate training and test splits Tx
with x € {tr, te} such that Ty, U Tz = Tg. Initially, Ty = T and
Tie = 0. At each step, we transfer one triple (s, p,0) € Ty to Tpe,
modeled as a multi-armed bandit problem [21].The triple (s, p, 0) is
chosen as follows:

(s,p,0) € Tyr with probability p
argmin f with probability 1 — p )
(s,p,0) €Ty

where p is the probability of selecting (s, p,0) randomly and f
is the reward function defined below. Assuming that (s, p,0) is
selected, we define T/, = T3 \ {(s,p,0)} and T}, = Tre U {(s,p,0)}.
After (s, p,0) is selected, we update the sets of triples as follows:
Tty = T/, and Tye = T/,. Thus, step i + 1 starts with the training and
test splits computed in step i. We continue the process until certain
stopping criteria are met. One of the possible stopping criteria is
the size of the test split of the datasets that are publicly available
and commonly used to evaluate link prediction [11].
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To assess the structural properties, we define a degree tensor
D(Ty) € NOXmXn_ ghere Ty € {Tg, Tx}, 6 € {o*,07} encodes in-
degree and outdegree directions respectively, m = |P| corresponds
to the size of the extended predicate index set £ := RU {x}, and
n = |E|. The special symbol * represents a non-predicate dimension
used to aggregate over all predicates.

The individual measures are provided below. We use # to denote
the size of a set.

o D(Ty)[v", p.el =#{(_.p.e) € Ty}
* D(Ty)[v™,p.e] =#{(e.p.) € Ty}
o D(Ty)[v*,+ el =#{(_ _e) € Ty}
D(Ty)[v™,xe] = #{(e,_,_) € Ty}
The reward function penalizes structural inconsistencies via
constraint satisfaction framework:

H(&) if KS(d,, dFp,)
f= @)
00 Oherwise
where KS is the two-sample Kolmogorov-Smirnov test [14, 16],
used to assess whether the degree distributions dg,p = D(Ty)[v, p.:]
forov € 4, p € P significantly diverge between Ty and Tg. If the test
fails, then f = oco. Otherwise, f is computed using the harmonic
mean [8], H over an error tensor & € ROXXIXm Thjs aggregates
all the deviations captured in the error tensor &. This is defined as:

Elv,t,p] = |ID(Tg) [, p,:] = D(Tx) [0, p.:114 ®)
where each entry of & represents the #;-norm difference in structure
between T and Ty across direction v, predicate p, and split ¢.

The Kolmogorov—-Smirnov test is defined as follows:

KS(d'"

op Ol <scla) (@)

dg,) = sup A, 0) — A(dL,,

where A(d, ) is the empirical CDF of d evaluated at 6, and c(«) is
the critical value at confidence level a:

Ad,0) = é D I[D(Ty)[o.p, ] < 6] )

ecE

4 Conclusion and Future Work

In this paper, we introduce a statistically grounded graph splitting
mechanism that preserves both topological and semantic properties,
making significant progress toward addressing RQ1 and overcom-
ing a key limitation in existing link prediction evaluation protocols.
Moving forward, we will focus on further refining this work and
expanding it to tackle RQ2 and RQ3, including developing scal-
able rule-mining techniques and robust statistical estimators for
rule quality while maintaining efficient computational costs and
termination criteria. Ultimately, these efforts will culminate in a
unified protocol for more reliable and interpretable link prediction
evaluation (RQ4).
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