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ABSTRACT
Knowledge Graphs (KGs) are powerful tools for organizing and
extracting knowledge in various domains. However, as KGs become
larger and more complex, they can pose challenges to operations
such as query answering and machine learning. These challenges
have led to the development of techniques for KG reduction. This
paper analyzes the impact of ablation on KG size reduction by
systematically evaluating how di!erent entity ablation strategies,
combined with various KG embedding techniques, a!ect the quality
of the output of downstream tasks. Speci"cally, the experimental
study focuses on link prediction (LP), a key task for deriving new
knowledge from KGs. The study considers the impact of entity
ablation by analyzing the output quality in terms of LP accuracy and
information loss in the KG, and sustainability gains, such as reduced
energy consumption, achieved through size reduction. The results
demonstrate that selective and controlled ablation can preserve the
semantic integrity of a KG while maintaining output quality and
improving sustainability. In addition, based on the experimental
study, we present a machine learning-based approach to evaluate
the impact on the sustainability of the di!erent design choices,
considering the characteristics of the KG and the desired quality of
the results.
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1 INTRODUCTION
Knowledge Graphs (KGs) are increasingly developed and used for
various tasks in several domains. They allow for answering complex
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queries and inferring available data. The size of recent KGs and
their constant expansion introduces crucial concerns. They regard
the computational e#ciency of tasks performed using them and the
environmental impact and cost of such tasks. For instance, a single
supervised learning training on a medium-sized KG (100,000 enti-
ties) can take several hours, even with cutting-edge hardware [1].
Moreover, modern KGs contain millions of entities and tens of mil-
lions of links [2], also requiring a linear space complexity to store
and train machine learning (ML) models [3].

Researchers in di!erent "elds have advocated the need for meth-
ods to reduce KG size to facilitate exploration, analysis, and knowl-
edge extraction tasks, while preserving the information content [4–
7]. Reducing a KG is not straightforward, as removing certain parts
can alter the information it conveys. A critical question is how
to trade o! the smaller complexity of the reduced graph with the
information loss due to the reduction while maintaining the KG’s
semantic learning potential and minimizing computational costs.

KG reduction can be achieved through information aggregation
(summarization) or selection (e.g., node ablation) [8]. In KG summa-
rization, entities are aggregated into more general ones according
to some rule, resulting in a more compact KG. Since the entities
of an aggregated KG are not the same as the original ones, KG
summarization precludes some typical KG analysis tasks, such as
query answering or link prediction. Alternatively, selection involves
obtaining a new KG by removing entities, i.e., node ablation.

This paper focuses on link prediction (LP) and designs and dis-
cusses experiments to identify an e!ective way to perform node
ablation in KGs to analyze the trade-o! between the link predic-
tion performance and the KG information loss. LP task requires
that a KG is encoded using some Knowledge Graph Embedding
(KGE) model. KGE models aim to learn low-dimensional vector
representations of entities and relations in a KG, enabling the capa-
bility to learn the semantics of the data for tasks such as LP, entity
recommendation, and question answering.

In other words, this work aims to identify controlled KG node
ablation strategies that preserve the quality of the task results
without requiring prior domain knowledge of the KG by measuring
the impact on the LP results and information loss.

The design of such an experiment entails several design dimen-
sions and several choices to be made to keep the size and the scope
of the experiment feasible. First, the LP leverages the embeddings of
a KG. The e#ciency and precision of these embeddings are crucial
for the e!ectiveness of downstream applications. In the experiment,
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we consider multiple KGE techniques and evaluate their perfor-
mance under di!erent settings. We investigate di!erent ways of
selecting which nodes to remove from a KG. We consider node
ablation based on geometric and spectral centrality measures. For
each type of measure, we study the e!ects of ablating either the
nodes with higher or lower centrality against a baseline in which
nodes are randomly removed. As far as datasets are concerned,
our experiments are conducted on widely used KG datasets, using
standard evaluation metrics for link prediction.

The results suggest that by ablating the less central nodes of a
KG, it is possible to obtain performance in the LP task close to that
obtained with the original KG while limiting the loss of informa-
tion in the KG and thus maintaining an adequate semantic repre-
sentation. Based on these results, we propose a machine learning
approach to suggest the optimal centrality metric for node ablation
and determine the appropriate ratio of less signi"cant nodes to
delete while satisfying speci"c information loss constraints. This
approach also estimates sustainability in terms of energy and cost
savings associated with the suggested KG reduction.

The paper is structured as follows. Section 2 discusses the state
of the art on graph reduction and link prediction. Section 3 presents
the methodology used to design the experiments; the experimental
setting is described in Section 4. The results are illustrated and
discussed in Section 5. Based on these results, Section 6 presents a
machine learning-based approach to evaluate the design choices
based on the characteristics of the data and the desired quality of
the results. Conclusions are drawn in Section 7.

2 BACKGROUND AND RELATEDWORK
Motivated by the complex and heterogeneous structure of KGs,
research on automated reduction techniques for e#cient entity
description has emerged recently [9, 10].

There are two ways of reducing a KG: aggregating or simplify-
ing, with the "rst option being widely studied in literature [10].
The main idea of graph aggregation – or summarization – is to
generate a succinct and meaningful description of a given KG to
re$ect its main content while retaining the information [11]. Re-
search in this area focuses mainly on scalability, performance (e.g.,
query time), and reconstruction [6, 12]. When aggregating a KG,
its entities are condensed into more general ones based on some
characteristics, resulting in a more compact KG.1 Graph summa-
rization has also been addressed in a framework of inductive rules
derivation, describing what is “normal” in a KG, which can be used
to best compress the KG itself [13]. One of the main limitations of
the presented methods is that they usually give little control over
which of the original entities are retained, if any. Moreover, the
absence of the original entities from the summarized graph implies
that it cannot be utilized for the LP task.

Another approach involves simpli"cation methods, which main-
tain a subset of the original KG by removing nodes or edges, thus
resulting in a sparsi"ed graph (ablated graph). In this case, an ML
task (e.g., LP) can be performed on the ablated graph [10]. Simpli"-
cation methods have leveraged structural properties of the graph
to reduce it [8], with techniques based on node or edge degree [14],

1As an example, Rome, Florence New York City could be represented by a CITY entity
in the aggregated KG.

edge resistance [15] or spectral sparsi"cation [16]. Node ablation
is de"ned as a systematic removal of KG entities based on some
measure of interest, such as Centrality measures [17], that are struc-
tural, general-purpose, and highly scalable measures to estimate
the importance of nodes in a graph.

The concept of information loss is generically de"ned as “the
amount of ‘useful information’ represented by the graph for the task
at hand” [18]. Such loss can be calculated by considering the edges
lost or spuriously created in the reconstruction, weighting them by
their centrality [19]. Methods to account for user preferences in the
graph summarization process have also been proposed, typically
by minimizing information loss. This loss is measured by evaluat-
ing the structural similarity between the original graph 𝐿𝑀 and a
graph 𝐿𝑀 → reconstructed from the summarized graph [20]. Algo-
rithms for selecting representative nodes by minimizing the graph
reconstruction error have also been proposed [21].

This work aims to observe the impact of ablation on the LP task.
LP is a KG completion task to enhance a KG’s completeness and,
hence, its practical utilization. LP leverages existing relationships
to infer new ones in a KG. This is motivated by the observation
that KGs, which range from small, curated datasets to low-quality
crowdsourced data, can have highly variable quality [22]. Several
research studies have focused on quality issues in KG, such as in-
accuracies, inconsistencies, and validity, together with associated
data quality dimensions and metrics [23, 24]. Empirical studies
have also been proposed to assess the correctness and complete-
ness of KG data using LP [25]. Automated KG re"nement using
machine learning approaches has been an active research topic in
recent years [26]. The LP performance is adopted in the literature to
foreshadow how e!ectively a KGE captures the semantics of a KG
[27]. However, LP performance alone does not allow for identifying
which portions of the KG contribute most signi"cantly to achieving
a given task performance level. Following this reasoning, system-
atically isolating a “representative” part of the KG through node
ablation can potentially balance performance and e#ciency when
training KGEs, while also shedding light on the characteristics of
the learning process.

LP implies the use of KGEmodels. For over a decade, methods for
embedding the symbolic representations of knowledge bases into
continuous vectors have been continuously developed [28]. Knowl-
edge Graph Embedding (KGE) can support a variety of tasks, such
as information retrieval, prediction, and discovery. The ability of
KGE models to learn low-rank representations of relationships and
entities has sparked research on di!erent models andmodel families
to perform this task e!ectively. Research also explores the in$uence
of graph structural features on the learning and predictive capa-
bilities of KGE models [3, 29], occasionally exploring this through
context-dependent ablation studies [30]. Comparative analyses are
frequently conducted, including surveys of existing approaches
[31–33] and comprehensive benchmarks [1, 3, 34, 35]. These e!orts
are driven by the diversity of available models, hyperparameters,
datasets, evaluation criteria, and the challenges associated with
replicating the results. The computational and space complexity
and the carbon footprint are also evaluated [1]. Alongside, compre-
hensive software frameworks to train and evaluate KGE models
have emerged [36].
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KGE models di!er in representation space, scoring function,
encoding models, and other information [3, 31]. Geometric KGE
models interpret KG facts as geometric transformations in the em-
bedding space. These models commonly use the Euclidean space to
learn a vector representation of entities and relations. The typical
model TransE [37] and the more recent RotatE [38] belong to this
family of KGE models. Tensor decomposition models, such as Com-
plEx [39], decompose the KG adjacency matrix in low-dimensional
vectors used as embeddings for entities and relations.

To the best of our knowledge, little attention has been paid to
balancing the performance and the e#ciency of KGE models by
training them on simpli"ed versions of a KG. This work investigates
this research gap by providing a quality-aware ablation study in the
context of KGE, to exploit the trade-o! between model expressivity
(i.e., quality in terms of task performance and information loss) and
training e#ciency (i.e., sustainability in terms of energy and cost),
without requiring speci"c domain knowledge for the data [30]. We
address these issues by focusing on a systematic evaluation of the
trade-o!s in applying di!erent KGE techniques and di!erent node
ablation ratios based on selected centrality measures, as described
in the next section.

3 METHODOLOGY
A Knowledge Graph (KG) is a collection 𝑀 = {𝑁,𝑂, 𝑃 }, where 𝑁, 𝑂,
and 𝑃 are sets of entities (nodes), relationships (edge types), and
facts (edges), respectively. A fact or statement, 𝑄 ↑ 𝑃 ↓ 𝑁↔𝑂↔𝑁 is a
triple ↗𝑅, 𝑆 , 𝑇↘ where𝑅 ↑ 𝑁 stands for the “head”, 𝑆 ↑ 𝑂 stands for the
“relationship”, and 𝑇 ↑ 𝑁 stands for the “tail”. Head, relationship, and
tail are interchangeably denoted as subject, predicate, and object.
A KG is then a collection of facts, where each fact connects two
entities through a semantic relationship.

A Knowledge Graph Embedding (KGE) aims to represent the rela-
tionships and entities in KGs in a low-dimensional and continuous
space. It is computed through an ML model that encodes each
entity and relationship of a knowledge graph G into a vector of
embedding dimension 𝑈 , while preserving their semantic meaning.
Entities 𝑅, 𝑇 and relationships 𝑆 are transformed respectively into
their embeddings e𝐿 , e𝑀 , and e𝑁 .

A KGE is de"ned by a representation space where entities and
relationships are encoded via a model that describes how their em-
beddings interact [3, 31, 40], and a scoring function F (𝑉𝐿, 𝑉𝑁 , 𝑉𝑀 )
that measures the plausibility of a fact. During training, these com-
ponents enable the model to learn embedded representations of
KG entities and relationships: similar entities should be encoded to
similar embeddings.

Training a KGE on a smaller KG reduces computational e!ort
since the number of facts to be learned a!ects the training time. In
this work, KG entities are removed (i.e., ablated) to evaluate the
impact of the removed information on KGE. One way to assess this
impact is to measure the KGE performance on the link prediction
task.

Given a set of observed triples 𝑃 in a KG, the Link Prediction (LP)
task aims to predict valid but unobserved triples among all possible
existing facts 𝑁 ↔ 𝑂 ↔ 𝑁. The LP procedure works as follows: given
the embedded representation of a KG, i.e., the KGE, and the scoring
function F of the employed KGE model, LP can infer the missing

element of a triple when the other two elements are provided. For
instance, if the tail of the triple is missing ↗𝑅, 𝑆 , ?↘, the embeddings
𝑉𝑂 , with 𝑊 ↑ 𝑁, of all the existing entities in the KG are retrieved. The
KGE model’s scoring function is then used to calculate a score for
each possible combination of the given head and relationship with
every potential tail entity F (𝑉𝐿, 𝑉𝑁 , 𝑉𝑂 ). These triples are ranked
based on their scores, with the lowest score indicating the highest
plausibility of a candidate to complete the triple. With the ranking,
it is possible to quantify the LP performance.

There are two ways to determine which triples are ablated from
a KG: selecting entities or selecting relationships. In either case, all
triples containing the selected entities or relationships are removed.
For this experimental work, we decide to perform the ablation by
selecting KG entities. In this way, we maintain all the relationship
types, even if not necessarily with the original relative frequency.
Nodes in a graph, which are topologically equivalent to entities,
have well-studied structural properties that can be leveraged to
identify candidates for removal without requiring speci"c domain
knowledge. Among these properties, centrality measures are often
used to estimate the importance of an entity.

3.1 Methodological Steps
Experiments have been conducted by following a rigorous method-
ology composed of the following steps (see Figure 1):
(i) A given KG is randomly split into training and test sets (the

elements of the test set are indicated in red in Figure 1.i).
(ii) Centrality measures are computed for each entity in the train-

ing set. To exemplify, in Figure 1.ii, the degree of each node is
indicated. The centrality measures adopted in this work are
discussed in Section 3.3.

(iii) A set of entities is removed from the KG, based on their cen-
trality (ablation step, obtaining an ablated KG, shown in Fig-
ure 1.iii). The "gure shows the ablated portions in dashed
lines for both the training set (in black) and the test set (in
red). Di!erent ablation ratios are applied in the experiments,
resulting in di!erent ablated KGs (see Section 4).

(iv) The ablated KG is used as a training set for a KGE model
(Figure 1.iv). Note that di!erent KGE embedding techniques
are evaluated (see Section 3.4).

(v) For each KGE resulting from an ablated KG, graph properties
and prediction capabilities are measured and compared with
the results obtained using the training set obtained from the
original KG (Figure 1.v). Details are provided in (Section 3.5).

The proposed approach for each step is discussed in detail in the
following subsections.

3.2 Dataset Split
To generate unobserved facts for evaluation, a random split is per-
formed on the considered KGs. This is equivalent to postulating
a closed world assumption (CWA) for the original KG and a con-
trolled open world assumption (OWA) for the training set, where
unobserved facts are allocated to the test set, but no other fact is
unobserved.

To perform the LP on a fact triple 𝑄 : ↗𝑅, 𝑆 , 𝑇↘ contained in the
original KG and selected for testing, the embedding of 𝑅 and 𝑇
should be available. This implies that even if a fact 𝑄 belongs to the
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Figure 1: Steps of the methodology

test set only, the entities 𝑅 and 𝑇 must also appear in the training
set. To guarantee this requirement, the splitting is performed in the
following way: "rst, training triples are greedily selected from the
original KG such that each entity is covered in both sets; then, the
remaining triples are split randomly, according to the con"gured
split ratio, and assigned to the respective sets. Multiple data splits
can be conducted to obtain more reliable performance measures,
with the results averaged across the splits.

3.3 Centrality Measures and Ablation
Centrality measures are derived from network analysis to quantify
the “importance” of a node in a graph. A multiplicity of measures
and types of measures correspond to di!erent notions of centrality.
In this experimental analysis, we selected the following centrality
measures, which are among the most commonly used in centrality
studies [17], computing them on the KG, disregarding the rela-
tion type. We then utilize the centrality measures independently
in separate experiments to progressively remove quantiles of the
nodes/entities based on their centralities.

Harmonic Centrality. The harmonic centrality of an entity 𝑉 ↑ 𝑁
is a geometric measure calculated as the sum of the reciprocal of
the shortest path distances from all other entities connected to 𝑉 .

𝑋𝑌 (𝑉) =
∑

𝑃 (𝑄,𝑄𝐿 )<≃
𝑄ω𝑄𝐿

1
𝑈 (𝑉, 𝑉𝑂 )

where 𝑈 (𝑉, 𝑉𝑂 ) is the shortest-path distance between the entity 𝑉
and a connected entity 𝑉𝑂 [41].

PageRank. The PageRank centrality (PR) is a spectral measure
representing the likelihood of landing on an entity by randomly

sur"ng the structure of a graph. The PR of an entity can be computed
iteratively, up to convergence, as:

𝑍𝑂(𝑉) ε 1 ⇐ 𝑈

|𝑁 | + 𝑈 ·
∑

𝑄↑𝑅 (𝑄 )

𝑍𝑂(𝑉)
𝑎(𝑉)

where𝑏 (𝑉) is the set of nodes that have an outbound edge to 𝑉 ,
𝑎(𝑉) is the number of outbound edges from 𝑉 , and 𝑈 is the damping
factor, namely the probability that a surfer will keep following the
graph instead of jumping to a random node [42].

Random. Although not a centrality measure, we also perform a
random ablation to create a baseline to compare it with the other
ablation methods.

3.4 Training
The training of the KGE models is performed on every ablated
version of the KG obtained with the previous steps. The KGEs
are then used in the following step to assess the variation of LP
performances and compare the bene"t of ablation with semantic
information loss.

To obtain representative results, we select a subset of renowned
KGEmodels that belong to the KGE families introduced in Section 2.
This work considers TransE [37], ComplEx [39], and RotatE [38]
as representative KGE models to learn the embeddings of the KGs.
According to [3], these three models balance complexity and per-
formance within the tensor decomposition and geometric family
of models.

TransE [37]. TransE models relationships as a translation from
head to tail entities in the embeddings space:

e𝐿 + e𝑁 ⇒ e𝑀
4



This equation is rearranged, and the TransE interaction function
is obtained by applying the 𝑎𝑆 norm2: 𝑄 (𝑅, 𝑆 , 𝑇) = ⇐⇑e𝐿 + e𝑁 ⇐ e𝑀 ⇑𝑆 .

ComplEx [39]. Thanks to the formulation of the embeddings in
the complex space, ComplEx is capable of learning asymmetric
relationships, leveraging the capabilities of the Hermitian product.
ComplEx de"nes its score function as follows.

𝑄 (𝑅, 𝑆 , 𝑇) = 𝑂𝑉 (e𝐿 ⇓ r𝑁 ⇓ e𝑀 )

RotatE [38]. RotatE models relationships as rotations from head-
to-tail entities in complex space:

e𝑀 = e𝐿 ⇓ r𝑁
where e, r ↑ C𝑃 and the complex elements of r𝑁 are restricted to

have a modulus of one (⇑r𝑁 ⇑ = 1). The interaction model is then
de"ned as:

𝑄 (𝑅, 𝑆 , 𝑇) = ⇐⇑e𝐿 ⇓ r𝑁 ⇐ e𝑀 ⇑
which allows modeling symmetry, antisymmetry, inversion, and

composition.

3.5 Test & Measure
3.5.1 Task Performance Evaluation. In the experiment, we use the
LP task as a benchmark to assess the ability of a KGE to infer
the validity of a test set of facts 𝑐 , which we know to be true
by construction (see Section 4.1). The LP task is performed by
removing, one at a time, the head and the tail entity for each triple
presented in the test set and assessing the capabilities to complete
the triples.

To this end, di!erent task performancemetrics can be utilized [43,
44]. One commonly utilized metric is Hits@N, or H@N, which
counts how many correct triples appear within the N top-ranked
predictions of an embedding model Equation (1). Hits@N is calcu-
lated as:

𝑋𝑊𝑇𝑑@𝑒 =
1
|𝑐 |

|𝑇 |∑
𝑂=1

{
1 if rank𝑂 ⇔ 𝑒

0 otherwise
↑ [0, 1] (1)

where rank𝑂 = rank(↗𝑅, 𝑆 , 𝑇↘𝑂 ). The Hits@N lies within [0, 1]
regardless of 𝑒 ; values closer to 1 are better. The literature often
uses H@10 as the task performance metric.

3.5.2 Information loss. The ablation of the KG element is not cost-
free. The downside of this operation is the loss of some information.
This work investigates the impact of removing less central entities
from the KG to reduce its size. Therefore, measuring the information
loss is fundamental to counterbalance this action.

In the literature, PageRank is commonly used to assess the quan-
tity of information stored in a KG [6]. We measure the information
loss (InfLoss) as the sum of the PageRank of the entities removed:

𝑓𝑔𝑄 𝑎𝑕𝑑𝑑 = 1 ⇐
𝑈∑
𝑂=1

𝑍𝑂(𝑉𝑂 ) (2)

where 𝑁 = {𝑉1, 𝑉2, .., 𝑉𝑉 } is the set of entities remained in the
graph after ablation, and 𝑍𝑂 is the PageRank value of each entity
𝑉 ↑ 𝑁.

2The original formulation considers either 𝑊1 or 𝑊2

3.5.3 Sustainability Evaluation. KGE models often demand sub-
stantial time and computational resources for training. This is di-
rectly related to costs and energy consumption. We expect that
reducing the number of nodes of a KG will decrease the compu-
tational time and, consequently, cost and energy. To prove this
correlation, during our experiments, we also measure the time re-
quired and the energy consumed (in kWh) for each training session.

We exploit our results to build ML-based models to recommend,
for an unknown KG: (1) the appropriate ratio of entities that can
be deleted while keeping a speci"c information loss threshold and
(2) the optimal centrality metric to use to achieve the lowest energy
consumption, i.e., the one that saves the largest amount of training
time. To de"ne such models, we need to introduce metrics for the
Percentage of Ablated Entities and the Percentage of Time Saved
(PTS); they are enunciated below:

The Percentage of Ablated Entities (PAE) is computed as PAE =
1⇐ |𝑄𝑀𝑁𝑂𝑀𝑃𝐿𝑄𝑅 |

|𝑄𝑁𝑀𝑆𝑇𝑂𝐿𝑅𝑇 | , where |𝑉𝑋𝑌𝑍𝑋𝑀𝑂𝑎𝑏 | is the number of remaining entities
and |𝑉𝑌𝑋𝑐𝑄𝑍𝑂𝑏𝑄 | is the number of entities of the original KG.

The Percentage of Time Saved (PTS) is computed with the for-
mula: PTS = 1⇐𝑖𝑖𝑂, where𝑖𝑖𝑂 is the Training Time Ratio de"ned
as TTR = 𝑑𝑑𝑀𝑁𝑂𝑀𝑃𝐿𝑄𝑅

𝑑𝑑𝑁𝑀𝑆𝑇𝑂𝐿𝑅𝑇
, 𝑖𝑖𝑋𝑌𝑍𝑋𝑀𝑂𝑎𝑏 is the training time using the ab-

lated KG and𝑖𝑖𝑌𝑋𝑐𝑄𝑍𝑂𝑏𝑄 is the training time of the original KG. This
transformation is required to make the results of the experiments
obtained with di!erent models and numbers of entities comparable.

4 EXPERIMENTAL SETUP
In this section, we present the experimental setup for the ablation
study, illustrating the datasets used, the derivation of the test set,
and the implementation of the tests. In our setup, a single experi-
ment is de"ned as a dataset split, ablated with a speci"c percentage,
and fed to an embedding model. From each dataset-split-ablation-
model combination, we extract the task performance, information
loss, and training e#ciency metrics. This work presents the main
results from 1 782 dataset-split-ablation-model combinations, with
a total runtime of ↖120 days.

4.1 Datasets
We propose a domain-independent approach to entity ablation.
Thus, we performed the experiments on three widely used KGs
with di!erent characteristics:

• Freebase (FB) [45] contains general human knowledge, with
more than 100 million assertions andmore than 4 000 topics,
including people, media, places, and many others. In the
experiments, we adopted the FB15k dataset that contains
1 345 relations, 14 951 entities, and 592 213 facts.

• WordNet (WN) [46] is a lexical reference system whose
design is inspired by psycholinguistic and computational
theories of human lexical memory. It contains, for example,
English nouns, verbs, adjectives, and adverbs grouped into
synonym sets of lexical concepts. We adopted the WN18
dataset with 18 relations scraped from WordNet, 40 943
entities, and 141 442 facts.

• Yet Another Great Ontology (YAGO) [47] is an ontology con-
taining more than 1 million entities and 5 million facts.
Facts were extracted from Wikipedia and uni"ed with WN
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to add knowledge about the entities (e.g., persons, organi-
zations, or products) with their semantic relationships. The
present work employs the YAGO310 subset, which contains
37 relations, 123 182 entities, and 1 179 040 triples.

4.2 Experiments Implementation
Split. The original KG is randomly split three times in the train-

ing and test set (respectively, 80% and 20% of the triples).

Node ablation. The criteria for selecting the KG entities to be
ablated include PageRank, Harmonic Centrality, and random selec-
tion as the baseline. The ablation ratios employed span from 0%
to 20% of the total number of nodes, with increments of 5%, both
for the more central (“top” ablation) and the less central (“bottom”
ablation) nodes. When a node is removed, all the triples containing
it are removed from the KG; consequently, the number of removed
triples might be higher than the number of nodes removed. Apply-
ing an ablation ratio of up to 50% can remove nearly all triples from
highly connected graphs. For this reason, the maximum considered
ablation is 20% to maintain a signi"cant number of triples both in
the training and in the test datasets.

Tuning. No speci"c hyperparameters "ne-tuning was performed
for the embedding models; in fact, we utilized the hyperparameters
reported by [1, 3, 36] as the most e!ective for the LP task with the
selected datasets and models.

Libraries. Pykeen [36] and iGraph [48] Python libraries have
been used to store, manage, and extract metrics from the KGs (in-
cluding the PageRank measure of the information loss), while the
CodeCarbon [49] Python library has been used for tracking the
energy consumption during the experiments.

Hardware Resources. All experiments have been performed on
DGX A100 machines with Dual AMD Rome 7742 processors (128
cores), 1TB RAM, and 8x NVIDIA A100 GPUs. Each experiment
has been executed allocating a single CPU core and a single GPU.

4.3 Minimal Test Set
According to the methodology described in Section 3, task perfor-
mance metrics are calculated on a test set derived after a random
split and controlled ablation. The collection of facts in the test set at
this stage is referred to as full test set. However, task performance
metrics calculated on di!erent test sets – i.e., corresponding to
di!erent ablation ratios – are not necessarily comparable since they
refer to di!erent facts.

To ensure comparability across ablations, performance metrics
are calculated on both the full test set and the minimal test set, the
latter being "xed for each dataset split regardless of the ablation
ratio. The minimal test set is de"ned as the intersection of all the
considered test sets for a given dataset split, or equivalently, as the
full test set corresponding to the maximum ablation ratio.

As ablation is performed incrementally, task performance of
di!erent models trained on di!erently ablated datasets remains
comparable, being all evaluated against the same minimal test set.

Table 1: LP performance ratio and delta w.r.t. the original
dataset performance (H@10), grouped for all experiments,
after ablating the TOP (more central) and BOTTOM (less
central) nodes.

PERFORMANCEMODELDATASET
BOTTOMTOP

+/-deltaratio+/-deltaratio
+0.031.03-0.010.99TransE

WN18 +0.031.040.011.01ComplEx
+0.031.03--0.030.97RotatE

00.99+0.091.11TransE
FB15k 00.99+0.091.13ComplEx

00.9901RotatE
+0.011.02--0.050.92TransE

YAGO310 +0.011.02+0.041.13ComplEx
+0.011.02--0.130.77RotatE

5 RESULTS AND DISCUSSION
In the interest of readability and conciseness, this section presents
the main "ndings from the experiments. The full set of results is
available at https://github.com/edoardoramalli/KGE_Quality.

The results highlight two main "ndings: (1) a loss in link predic-
tion performance is never observed when ablating the less central
nodes, irrespective of the test set employed, and (2) a signi"cantly
smaller percentage of information is lost if the ablated nodes are
carefully selected, rather than chosen randomly, for model training.

These "ndings suggest that it is possible to reduce a KG by re-
moving the entities, without relying on speci"c domain knowledge,
using criteria based on node centrality, while retaining satisfactory
task performance (compared to the performance observed on the
original KG) and maintaining a controllable level of information
in the KG. The reduced KG can lead to more e!ortless exploration
and analysis operations, thus saving time and resources.

5.1 Impact on Task Performance
Table 1 groups, for all the dataset-model-ablation (respectively of
the most central – TOP – or the least central – BOTTOM – nodes)
combinations, the ratio and the absolute di!erence (delta) between
the ablated and the original H@10 task performance, highlighting
if an improvement (+) or worsening (-) of the metric is observed
(column +/-). The di!erent colors underline the cases where per-
formance decreases with ablation (dark-red – for more than 5%
and light-red – from 1% to 5%) and the cases where performance
improves with the ablation (dark-green – for more than 5% and
light-green – from 1% to 5%).

The results of Table 1 show that, as expected, the ablation of
central nodes leads to worse or unchanged performance in most
cases. The fact that some dataset-model combinations are more/less
a!ected by the ablation may depend on various factors, such as:

(1) The density (i.e., the fraction between the number of edges
and the maximal number of edges) and the transitivity (i.e.,
the probability that the adjacent nodes of a node are con-
nected) of the graph: if the graph has many central nodes,
many edges and loops, and fewer vertices than edges (e.g.,
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FB15k), removing the most central nodes may result in
unchanged or slightly improved task performance; by re-
moving the most central nodes, the graph remains highly
connected and redundant edges are removed. On the other
hand, if the network is less dense, with many vertices and
fewer edges (e.g., WN18), the performance deteriorates be-
cause most of the central nodes, and thus relevant con-
nections, are removed. The YAGO310 dataset is also not
particularly dense, but the number of vertices and edges is
much higher than the other datasets.

(2) The tolerance of a model to the loss of information in the
original KG. In fact, based on the experimental data, it seems
that the ComplEx model better tolerates the ablation of
central nodes.

Notably, ablating peripheral nodes (i.e., bottom ablation) often
results in unchanged or even improved task performance across all
observed combinations. In larger KGs (e.g., YAGO310, FB15k), the
removal of peripheral nodes has little impact, while in smaller KGs
(e.g., WN18), the performance improves by eliminating nodes that
represent less relevant information.

As the ablation of the less central nodes does not result in a loss
of task performance, we envision that ablations could be employed
to save time and resources while training prediction models with
KGs. For this reason, in this paper, we focus on analyzing the results
related to the ablation of the least signi"cant nodes.

5.2 Task Performance and Information
Trade-o! with di!erent ablation ratios

Link prediction. Figure 2 reports the LP performance for the
selected dataset-model combinations in detail: the y-axis reports
the H@10 metric, averaged over three random splits, while the
x-axis reports the ablation ratio. The task performance for the
minimal test set is marked with triangles, while the full test set
performance is markedwith circles.3 TheH@10 task performance is
shown in Figure 2 for each of the considered bottom ablation ratios,
highlighting that the LP performance is almost unchanged with
the ablation of the less central nodes, regardless of the kind of test
set used. Moreover, the performance does not change remarkably
when nodes are randomly removed from the KG. This suggests the
ability of KGE to adapt to di!erent subsets of the same KG and keep
the same performance.

As a further motivation for using the minimal test set (see Sec-
tion 4.3), Figure 3 illustrates the distribution of the di!erences
between the task performance (H@10) on the full and the min
test sets for the various ablations ratios. Most of the time, the per-
formance does not di!er signi"cantly across the two test sets, in
accordance with Figure 2. This highlights the ability of the KGE
models to focus on the main content of a KG even when trained
on more comprehensive data sets and tested on more focused test
tests, such as the min test set. Based on this observation, we use
the minimal test set to provide a more conservative and consistent
performance estimate.

3Given the high computational cost and limited availability of resources, the random
ablation results were computed only for one model.

However, in some cases (represented by the right tails of the
distribution), using the full test set may suggest a higher task per-
formance; this happens for all the considered embedding models.
Figure 2 highlights some experiments with the YAGO310 dataset as
prominent examples of the di!erence in LP results when computed
on di!erent test sets.

Information loss. Even if a loss in prediction performance is not
appreciable, applying an ablation necessarily results in a loss of
information contained in the KG. For this reason, we focused on
analyzing the e!ect of the di!erent ablations on the amount of lost
information. Section 3.5 estimates the information loss with the
amount of cumulated PageRank lost w.r.t. the original dataset. As
an additional measurement, we also consider the number of triples
no longer present in the KG.

Figure 4 depicts the information loss extracted for the selected
dataset-model combinations in more detail: The y-axis represents
the percentage of information loss, while the x-axis represents
the ablation ratio. The lines indicate information loss in terms of
PageRank values as a proxy for information contents. Additionally,
Figure 4 also shows the number of triples removed. Results are
shown for the three di!erent ablation approaches utilized (Har-
monic Centrality, PageRank, and Random).

The "gure highlights that using centrality for the ablation is a
more performant approach, compared to random ablation, with
respect to information loss. On average, across models and datasets,
the random ablation results in a 5.9% and 9.3% increase in infor-
mation loss compared to ablating with Harmonic Centrality and
PageRank, respectively (the maximum performance di!erence is
10.1% and 15.6%, respectively). This comparison highlights that the
amount of retained information is in$uenced by the metric utilized
to perform the ablation. The amount of information lost for di!er-
ent ablation ratios depends on the KG characteristics. Smaller KGs
(e.g., WN18) have a higher probability of losing information.

Given the above considerations, we argue that properly crafted
ablations could be used as a means of saving computational re-
sources, and thus energy consumption, while balancing the loss of
information that occurs with removing nodes in a KG. The next sec-
tion proposes a set of ML models to (i) estimate how much energy
can be saved by employing ablations before training, (ii) recom-
mending the number of nodes triples and which centrality measure
to use for ablating a given KG to (iii) minimize the information loss.

5.3 Impact of Ablation on Sustainability
Training a KGE model requires a signi"cant amount of computa-
tional resources. The experiments described in Section 4 require the
usage of a high-end GPU for an extended amount of time, which
substantially a!ects both cost and energy consumption. For in-
stance, running a single experiment on the cheapest AWS GPU
(using g4dn.xlarge instance type)4 for 5 hours (longest experiment
we executed) costs ↖2.63 USD and consumes ↖0.52 kWh.5

For all the experiments described in Section 4, we measured
the total training duration (in seconds) and estimated the energy
consumption (in kWh).

4https://aws.amazon.com/it/ec2/instance-types/g4/
5https://engineering.teads.com/sustainability/carbon-footprint-estimator-for-aws-
instances/
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Figure 2: Link prediction performance for FB15k, WN18, and YAGO310 datasets, average over three independent splits. Circles
indicate results for the full test set and triangles for the minimal test set.

Figure 3: Distribution of the LP performance di!erence
(H@10) between full and minimal test set.

We consider only the energy consumption of the GPU. The
energy consumed by the CPU is negligible because we veri"ed that
(i) the CodeCarbon library measures the maximum instantaneous
CPU energy consumption instead of the actual one, and (ii) during
the model training, the CPU is almost inactive.

Analyzing the results, the training time signi"cantly changes
according to the size of the dataset and the model considered. Fig-
ure 5 shows the dependency between the number of entities in the
graph (x-axis), the training time (y-axis), the model, and the dataset
employed, with the time related to the original graphs indicated
with a cross. It can be observed that model training can require sev-
eral hours for KGs with a large number of entities (almost 5 hours
for the largest graph, YAGO310). Moreover, the training time is
signi"cantly a!ected by the number of entities: it is evident that
as the KG’s entity size increases, the training time increases; the
extent of this relation depends on the dataset and link prediction
model considered.

6 IMPROVING SUSTAINABILITY WITH NODE
ABLATION

In this section, we propose possible ways to exploit the results and
insights obtained from our experiments. In particular, we analyze
how we can use ablation to reduce the cost and/or the energy
consumption of the KG training phase while keeping the estimated
quality level within a required threshold.

Considering that: (i) training time can be considerably reduced
ablating the graph, and (ii) it has been shown in Section 5 that
LP performance is not considerably a!ected by ablating the least

8



Figure 4: Information loss in percentage, measured in terms of PageRank, and number of triples removed

Baseline

FB15k

WN18

YAGO310

Figure 5: Model training time w.r.t. the number of entities
used for training

central nodes, KG ablation can be used for reducing costs and/or
energy, while still achieving good performance.

To this end, in this section, we propose a predictive model to
estimate the number of entities that can be removed from the graph
while maintaining a satisfactory quality level, taking into consider-
ation the maximum information loss as a speci"ed requirement.

6.1 Prediction Models for Ablation Ratio and
Training Time

As discussed in Section 5.3, ablation can save costs and energy
by signi"cantly reducing the Training Time (TT) where the same
amount of computational resources is available. However, we have
also seen how the number of ablated nodes a!ects the loss of infor-
mation, i.e., removing nodes results in a loss of relevant information.
Thus, the preferred trade-o! between information and TT needs to
be determined.

In this section, we aim to balance this trade-o! by employing
machine-learning models to suggest (1) a suitable number of nodes
that can be ablated while maintaining a certain information level,
(2) which centrality measure is the most convenient to use for entity
ablation, and (3) an estimate of how much the training time can be
reduced and, consequently, what is the amount of cost and energy
that can be saved.

We start by assuming that a user speci"es a threshold for the
information that is acceptable to be lost (the 𝑓𝑔𝑄 𝑎𝑕𝑑𝑑 , as stated in
Section 3.5.2). Subsequently, the Percentage of Information (PoI),
i.e., the sum of the original PageRank values of the remaining nodes
after the ablation, that must be preserved is:

𝑍𝑕𝑓 = 1 ⇐ 𝑓𝑔𝑄 𝑎𝑕𝑑𝑑 (3)
We train two di!erent models for each centrality measure, used

as a basis for ablation (i.e., Harmonic Centrality and PageRank):
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Real
Pred

Figure 6: Real and predicted values for Model 1. Relation
between Percentage of Information and Percentage of Ablated
Entities with the two ablation methods

Model 1. Given the required PoI, the goal of this "rst model is to
estimate the maximum number of entities (nodes of the KG)
that can be removed while ensuring the PoI set by the user.

Model 2. Given a number of entities in an ablated KG, the second
model estimates the time reduction for training a speci"c
embedding model with the ablated KG compared with the
full set of entities.

Using the prediction results of Model 1 and Model 2 (i.e., the
estimated number of entities and saved training time) for each
centrality measure for ablation, we can suggest the best centrality
measure to adopt to perform the most time-saving ablation. Finally,
we aim to provide the user with an estimation of costs and energy
savings given the new training time.

To build the models, we transformed the number of entities and
the training time into percentage values compared to their baseline
values (i.e., the entities and TT of the original KG). As depicted in
Section 3.5.3, we calculate the Percentage of Ablated Entities and
the Percentage of Time Saved (PTS) measures.

Training & Testing. To train and test the models, we perform
the leave-one-dataset-out process: for each analyzed dataset 𝑈 , we
train the regression models with all the data collected from the
experiments, excluding the results associated with that dataset
(training set: [𝑗𝑃⇐,𝑘𝑃⇐]). Then, we use the results associated with
the dataset 𝑈 to test the models (testing set: [𝑗𝑃+,𝑘𝑃+]).

Model 1. A linear relation between the PoI loss and the number
of entities can be appreciated in Figure 4. For this reason, we em-
ploy a linear regression model that takes as input the PoI (𝑗𝑒𝑎𝑓 )
and predicts an estimated value for the entities (𝑘𝑄 ). Figure 6 repre-
sents the actual values and those predicted by the regressor (using
the leave-one-dataset-out process), respectively, with circles and
triangles, for each of the three datasets. Predictions are very close
to the actual values for all three analyzed datasets; in most cases,
the number of entities to ablate is slightly underestimated by the
regressor, which is bene"cial for not exceeding the threshold of PoI
after ablation. Moreover, it can be appreciated that, for the same
amount of PoI, using PageRank for selecting nodes allows for the
ablation of a higher percentage of entities than with Harmonic Cen-
trality, compatibly with the observations proposed in Section 5.2.

Real
Pred

Figure 7: Real and predicted values for Model 2. Relation
between Percentage of Training Time Saved and Percentage of
Ablated Entities for the three embedding models

Model 2. Figure 5 shows that, having "xed the dataset and the
KGEmodel, there is a roughly linear relation between the number of
entities and the TT. Similarly toModel 1, we train a linear regression
model that takes as input the number of entities (𝑗𝑄 ) and predicts
an estimated value for the Percentage of Saved TT (𝑘𝑒𝑑𝑔 ) with
each given embedding technique. Figure 7 also reports the actual
and the predicted (using the leave-one-dataset-out process) values
with circles and triangles. Predicting the saved training time is
more complex; estimated values for the WN18 dataset are not very
accurate for all three embedding models, whereas predictions for
YAGO are not accurate for TransE. In terms of saved time, Figure 7
shows that Harmonic Centrality-based ablation generally saves
more time than PageRank-based ablation.

This draws attention to a trade-o!: using PageRank-based ab-
lation favors PoI while using Harmonic Centrality-based ablation
favors Training Time-saving.

Once trained and validated, the models can be used to estimate
the TT required when performing the ablation with the two dif-
ferent centrality measures. The outcome of the prediction can be
used to suggest how many entities to ablate and which centrality
measure to use for ablation to get the lower value of estimated TT
ensuring a required PoI.

6.2 Validation
Performance results of the leave-one-dataset-out procedure are dis-
played in Figure 8. The tables show the Mean Absolute Error (MAE)
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Figure 8: (a) Root Mean Squared Error obtained by testing
Model 1, andModel 2 using the leave-one-dataset-out proce-
dure; (b) ground truth distribution for Percentage of Ablated
Entities and Percentage of Training Time Saved

and the Root Mean Squared Error (RMSE) obtained by each regres-
sion model, excluding that dataset from the training set and using
it for testing. Moreover, the distribution of the real values of the
target variables is reported below. Given the linear relation between
all the features involved, we obtained good performance for both
the developed models.

The predicted computational time can be used to estimate cost,
energy consumption, and environmental impact associated with
the training task.

The cost 𝑌 can be computed as:

𝑌 = 𝑘𝑑𝑑 ↙ 𝑙𝑕𝑑𝑇𝐿 (4)

where 𝑘𝑑𝑑 is the estimated training time and 𝑙𝑕𝑑𝑇𝐿 is the hourly
cost of the computational instance used for the training.

The energy 𝑁 can be computed as:

𝑁 = 𝑘𝑑𝑑 ↙ 𝑍 (5)

where 𝑍 is the average power consumption of the computational
instance used for the training.

The carbon emissions 𝑌𝑁 generated for the training can be com-
puted as:

𝑌𝑁 = 𝑁 ↙𝑀𝑋𝑀 (6)
where 𝑀𝑋𝑀 is the Greenhouse Gas emission intensity6 of the com-
putational instance used for the training.

Running example. We can imagine starting from a dataset such as
YAGO310, which has 123,143 entities and 17,698 seconds of training
time for RotatE, ↖5 hours, and that the user set the PoI at 90%.

6https://www.eea.europa.eu/en/analysis/indicators/greenhouse-gas-emission-
intensity-of-1

According to Model 1, the percentage of entities that can be
ablated maintaining the required constraint using Harmonic Cen-
trality is approximately 15%, with a new predicted training time
↖90% of the original one with Model 2 (considering our experi-
ments, the real new training time is 88.52% of the original one). On
the other hand, for PageRank, the number of entities that can be
ablated is 20%, but the training time will be no less than ↖92% w.r.t.
the original.

For this reason, the Harmonic Centrality measure will be sug-
gested to the user to ablate the 15% of the original entities, with a
new estimated TT of 15,928 seconds, ↖4.424 hours, and a total cost
of ↖2.33 USD using a g4dn.xlarge instance. The cost reduction can
be estimated as 0.30 USD and the energy reduction is 60 Wh (from
0.52 kWh to 0.46 kWh) for a single training. In relative numbers,
the total improvement in terms of costs, time, and energy is 11%.

7 CONCLUDING REMARKS
In this paper, we have conducted an experimental evaluation of
various KG ablation strategies, observing and measuring their ef-
fect on the quality of Link Prediction (LP). We used a domain-
independent approach, testing di!erent embedding algorithms on
diverse datasets. The results of our study led us to the conclusion
that ablating the less central nodes allow us to achieve good per-
formance while maintaining the KG semantic integrity (i.e., infor-
mation loss). The proposed approach can be exploited to facilitate
LP sustainability, positively a!ecting both the cost and the energy
consumption of the model training. Finally, we used our results to
develop ML models to recommend the best sustainability-aware
ablation strategy, based on the required threshold on information
loss set by the user.
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