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Abstract
Adversarial attacks pose a major threat to link prediction models.
Carefully chosen triple-level perturbations can exploit weaknesses
in the learned representations and change the model’s ranking de-
cisions. Despite their importance, adversarial attacks on knowledge
graph embeddings (KGE) models remain less studied than their
counterparts in areas such as image classification. One reason is
that KGE inputs are discrete relational triples, not continuous pixel
values. Moreover, KGE scores are computed within multi-relational
prediction settings, where each relation can produce a different
score distribution. As a result, score-based attack strategies can-
not be directly transferred to KGE models. Studying training-data
perturbations therefore both exposes vulnerabilities and identi-
fies informative graph edits that can improve performance. In this
work, we use adversarial triple modifications as controlled probes
of KGE decision behavior. We introduce a decision-margin perspec-
tive that measures how clearly each training triple is ranked above
its strongest negative alternatives. Our results reveal systematic
vulnerability patterns, as well as improvement opportunities, that
are shared across different KGE models. At the same time, these
effects are not determined by the embedding model alone. The
impact of training data perturbations also depends on the structure
of the underlying knowledge graph. Overall, our study reframes
adversarial probes as diagnostic instruments for KGE models.
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1 Introduction
Link-prediction models are often trained on knowledge graphs that
are derived from large, evolving, and publicly editable sources such
as DBpedia [2] and Wikidata [30]. While this supports broad cover-
age, it also increases the risk that incorrect, misleading, or malicious
facts enter the knowledge graph through extraction errors, vandal-
ism, or adversarial manipulation [5, 15, 20, 25]. Mainly, predicting
missing links in KGs is time-intensive due to their discrete and
symbolic structure [4, 5, 35, 38].

Knowledge graph embedding (KGE) models learn representa-
tions of entities and relations and use model-specific scoring func-
tions to rank candidate triples for link prediction [8, 12, 13]. Because
these scores are learned from training triples, corrupted facts can
change how the model ranks candidate facts. Therefore, the relia-
bility of such models depends on the quality of the training graph.
Although, KGE models differ in their scoring functions and repre-
sentational biases, however they are all trained to distinguish valid
relational facts from implausible candidates. We therefore study
how controlled additions and deletions of triples expose system-
atic vulnerabilities in KGE models. A central question is whether
these vulnerabilities are mainly caused by specific scoring functions
or whether they reflect a broader weakness in the link-prediction
setting. We examine the latter possibility. If diverse KGE models
exhibit similar vulnerability patterns, then these effects are not
solely attributable to the design of individual scoring functions.
Instead, they point to weaknesses arising from the shared ranking
objective that KGE models are trained to optimize. In this paper, we
introduce a separation-margin viewpoint for probing systematic
vulnerabilities in link-prediction systems.

Existing attacks on KGE models are usually framed either as
targeted or non-targeted attacks. Targeted attacks aim to change
the prediction for a specific query or target triple [4–6, 35], while
non-targeted attacks aim to degrade the overall link-prediction
performance of the model [17, 38]. Although both settings can be
used to evaluate different aspects of the robustness of KGE models,
they provide limited insight into which types of training triples
are most influential for the learned link-prediction function. For in-
stance, targeted attacks reveal how to affect individual predictions;
however, they do not necessarily explain which training triples are
broadly influential for the learned representation. Non-targeted
attacks, on the other hand, quantify global degradation and often
use the selected perturbations primarily to reduce metrics such as
Mean Reciprocal Rank (MRR). Consequently, they provide limited
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insight into what distinguishes more influential training triples
from less influential ones. In this work, we use adversarial triple
modifications as controlled probes of KGE decision behavior. Our
central idea is a separation-margin perspective, i.e., we characterize
each training triple by how well it is separated from its strongest
negative samples. This allows us to distinguish (i) high-confidence
facts that the model strongly supports, (ii) borderline facts close
to the decision boundary, and (iii) under-supported facts that the
model fails to separate from competing unobserved triples. These
categories provide a model-agnostic way to study vulnerabilities
because they are defined by the link-prediction task rather than a
specific scoring function. Specifically, we shift the focus from how
to attack a KGE model to which triples in knowledge graphs are
most influential for link-prediction performance.We use separation-
margin-guided edits as a diagnostic tool. Therefore, our work is
positioned between targeted and non-targeted poisoning attacks.
Unlike targeted attacks, we do not focus only on changing the rank
of one predefined fact. Unlike standard non-targeted attacks, we
do not treat global performance degradation as the only outcome
of interest. Instead, we use poisoning-style triple edits to study
the attack relevance of individual training triples. In our setting,
a triple is considered attack-relevant if its removal substantially
changes the model’s ranking performance. Similarly, a triple that is
not present in the knowledge graph is considered attack-relevant
if its addition causes a substantial change in ranking performance.
Such changes may correspond to either an improvement or a degra-
dation in performance. Specifically, unlike existing work that has
primarily focused on the question, How can we successfully attack a
KGE model? we focus on the more fundamental question, Which
triples are influential for predictions, and what distinguishes them?
This perspective clarifies the role of adversarial attacks in our study.
We use poisoning attacks not merely as a threat model, rather as
a tool for measuring the attack relevance of training triples. Thus,
adversarial edits become controlled interventions for probing the
importance of training triples within the link-prediction task.

2 Related Work
Adversarial robustness of KGE models has mainly been studied
through training-time data poisoning, where an attacker modifies
the training graph to change the model’s predictions. Early work
by Zhang et al. [36] showed that small additions or deletions of
facts can manipulate the plausibility of selected target triples. Their
work also highlights a central challenge for adversarial learning on
knowledge graphs: attacks developed for conventional graph data
or continuous input domains do not directly transfer to KGs, since
KGs are symbolic, typed, and multi-relational. Subsequent work by
Bhardwaj et al. [5, 6] used instance attribution to identify training
triples that are influential for particular target predictions. They
estimate influence through instance similarity, gradient similarity,
and influence functions, and then use the selected triples for adver-
sarial deletion or addition. Betz et al. [4] further connect adversarial
attacks with interpretability by using rule learning and abductive
reasoning to identify symbolic explanations for KGE predictions.
In their view, harmful deletions can reveal graph-level evidence
supporting a prediction.

More recently, Yang et al. [34] exploit textual information asso-
ciated with knowledge graph entities. They encode triples using
pre-trained language models (PLM) and select influential neighbor-
ing triples in the PLM embedding space for targeted deletion or
addition. They further incorporate structural information by fine-
tuning the PLM on random-walk sequences over the KG. A related
line of work focuses on noisy training data. For instance, Zhang
et al. [37] propose a multi-task reinforcement learning framework
that learns policy-based agents to identify and filter noisy triples
before training KGE models. Sharma et al. [26] proposed resilience,
where robustness, generalization, performance consistency, dis-
tribution adaptation, and missing-entry handling are treated as
complementary aspects of reliable KGE models [26]. Note that the
existing adversarial KGE studies mainly construct effective attacks
against selected target triples. They often rely on auxiliary informa-
tion, such as gradients, influence estimates, learned rules, abductive
explanations, or textual embeddings. In contrast, we use graph
edits as a diagnostic tool to understand how they affect overall
link-prediction performance.

Black-box adversarial attacks have been widely studied in image
classification, where the attacker cannot access model parameters
or gradients but can query the model for predictions. Essentially,
depending on the available feedback, prior works distinguish be-
tween decision-based attacks, which observe only the predicted
label, and score-based attacks, which additionally exploit confidence
or probability-like outputs, for instance, zeroth-order optimization
attacks such as ZOO [7], query-efficient attacks based on natu-
ral evolution strategies [16], simple score-based attacks such as
SimBA [14], random-search methods such as Square Attack [1],
and evolutionary or genetic search strategies [23]. Note that these
methods build on the fact that image inputs are continuous. Specif-
ically, an attacker can iteratively apply small perturbations to pixel
values and use model scores to navigate the local decision land-
scape. Importantly, this formulation does not transfer naturally to
knowledge graph link prediction. A triple is a symbolic relational
fact. Modifying a triple usually means replacing an entity or rela-
tion, adding a new fact, or deleting an existing one. Such operations
are discrete and may change the semantics of the graph rather than
producing a small perturbation of the same input. Moreover, KGE
models are evaluated through ranking, i.e., the effect of a perturba-
tion is determined not only by whether one label changes, but also
by how the score of a positive triple shifts relative to the scores of
many competing candidate triples. Therefore, we cannot simply
take the approaches from the domain of image classification and
apply them to KGE models. In our proposed method, we rely only
on KGE plausibility scores to compute separation margins between
observed triples and competing candidates. As shown in the follow-
ing sections, these margins distinguish between triples that are well
separated, near the hard-negative boundary, or weakly separated.

3 Methodology
A direct way to assess a triple’s importance for a KGE model is
to edit the knowledge graph, retrain the model, and compare the
resulting link prediction performance with the model trained before
the edits. This procedure, however, does not scale: for large knowl-
edge graphs, re-training and re-evaluation across many possible
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Figure 1: Separation-margin probes. For each (h,r,?), tail scores define a hard-negative boundary and empirical regions for deletion/addition.
Box (d) shows that Sep=0 can fall in different regions across dataset–model combinations.

deletions or additions quickly becomes computationally infeasible.
The separation margin provides a lightweight and model-agnostic
way to quantify how well a training fact is captured by a KGE-based
link prediction system. Rather than relying on costly retraining,
we estimate a triple’s importance directly from the model’s link
prediction scores. We define a separation margin that quantifies
the extent to which a training triple is separated from competi-
tive negative alternatives. Importantly, the margin should not be
interpreted as a semantic truth indicator; rather, it measures how
strongly the trained link prediction system supports the fact relative
to its own ranking method. Moreover, in Section 3.5, we consider a
more restrictive scenario in which access to the target model’s link
prediction scores is unavailable. In this case, we estimate separation
margins using an ensemble of surrogate models. The effectiveness
of this ensemble-based estimate shows that the proposed margin
is not limited to settings with score access. It can also characterize
which facts are likely to be well captured or overlooked by link
prediction systems under substantially reduced access assumptions,
requiring only a sufficiently large subset of triples for margin esti-
mation. In particular, we characterize training-triple influence by
measuring how well each triple is separated from its hardest nega-
tive samples. Training triples may differ in influence because some
express relational patterns that a given KGE model captures more
easily. Our separation margin is computed for each fixed pair (ℎ, 𝑟 ),
rather than globally across all triples. This is important because
different relations have different candidate entities and different
score distributions, so raw scores are not directly comparable across
relations. By fixing (ℎ, 𝑟 ), we compare a training tail only against al-
ternative tails for the same query (ℎ, 𝑟, ?). This matches the ranking
setting used in link prediction.

3.1 Separation Margin
Raw triple scores are not directly comparable across relations as
each (ℎ, 𝑟, ∗) query has its own score distribution. Therefore, we do
not use the score of a training triple as an absolute quantity. Instead,
we measure how well the training triple is separated from hard
competing negative tails within the same tail-prediction problem.
Let Gtrain ⊆ E × R × E denote the training graph, where E is the
entity set and R is the relation set. A trained KGE model with

parameters 𝜃 defines a scoring function 𝜙𝜃 : E ×R×E → R, where
larger scores indicate higher model plausibility. For a training triple
𝜏 = (ℎ, 𝑟, 𝑡), we fix the pair (ℎ, 𝑟 ) and consider the corresponding
tail-prediction problem (ℎ, 𝑟, ?). The set of training tails for this
fixed pair is: 𝑃ℎ,𝑟 = { 𝑡 ′ ∈ E | (ℎ, 𝑟, 𝑡 ′) ∈ Gtrain }. All remaining
entities are treated as candidate competing tails: 𝑁ℎ,𝑟 = E \ 𝑃ℎ,𝑟 .
The model scores every candidate tail for the fixed pair (ℎ, 𝑟 ): 𝑆ℎ,𝑟 =
{𝜙𝜃 (ℎ, 𝑟, 𝑒) | 𝑒 ∈ E}. We then separate the scores of the training
tails from the scores of the candidate competing tails:

𝑆+
ℎ,𝑟

= {𝜙𝜃 (ℎ, 𝑟, 𝑡 ′) | 𝑡 ′ ∈ 𝑃ℎ,𝑟 }, 𝑆−ℎ,𝑟 = {𝜙𝜃 (ℎ, 𝑟, 𝑒) | 𝑒 ∈ 𝑁ℎ,𝑟 }. (1)

The central quantity in our approach is the hard-negative bound-
ary. Instead of comparing a training triple to the average negative
tail, we compare it to the upper tail of the negative-score distribu-
tion. Let 𝛼 be a high quantile, set to 𝛼 = 0.99 in our experiments.
The hard-negative boundary for (ℎ, 𝑟 ) is defined as

𝑏
(𝛼 )
ℎ,𝑟

=𝑄𝛼

(︂
𝑆−
ℎ,𝑟

)︂
, (2)

where 𝑄𝛼 denotes the empirical 𝛼-quantile. This boundary repre-
sents the score level reached by the strongest competing tails for the
same prediction problem. Importantly, 𝑏 (𝛼 )

ℎ,𝑟
is not a global constant

and is not assumed to be zero. It depends on the relation, the head
entity, and the score distribution obtained from a trained model for
the specific completion task (ℎ, 𝑟, ?). The separation margin of a
training triple (ℎ, 𝑟, 𝑡) is then defined as:

Sep(ℎ, 𝑟, 𝑡) = 𝜙𝜃 (ℎ, 𝑟, 𝑡) − 𝑏
(𝛼 )
ℎ,𝑟

. (3)

The sign of the margin has an intuitive ranking interpretation.
If Sep(ℎ, 𝑟, 𝑡) > 0, then the training tail is scored above the hard-
negative boundary. If Sep(ℎ, 𝑟, 𝑡) ≈ 0, then the training triple lies
close to the boundary. If Sep(ℎ, 𝑟, 𝑡) < 0, then the training tail
is scored below the hard-negative boundary. Therefore, the mar-
gin measures whether a training triple is safely separated from
the strongest competing tails in its own prediction context. After
computing Sep(ℎ, 𝑟, 𝑡) for all training triples, we sort the triples in
ascending order of separation score.

Let T = [𝜏 (1) , 𝜏 (2) , . . . , 𝜏 (𝑚) ] be the sorted list, where Sep(𝜏 (1) ) ≤
Sep(𝜏 (2) ) ≤ · · · ≤ Sep(𝜏 (𝑚) ) and𝑚 = |Gtrain |. In ourmethod, we use
this ordered margin distribution to construct the regions considered
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for perturbation. Triples at the beginning of the ordering have
the lowest margins, whereas triples at the end have the highest
margins. For a perturbation ratio 𝜌 , the edit budget is: 𝐵(𝜌) =

round (𝜌 · |Gtrain |) . The lowest-margin deletion set is: Dlowest =

{𝜏 (1) , . . . , 𝜏 (𝐵) }, and the highest-margin deletion set is: Dhighest =

{𝜏 (𝑚−𝐵+1) , . . . , 𝜏 (𝑚) }.We also define empirical interior regions over
the same ordered margin distribution. For a band with fractional
lower and upper edges 0 ≤ 𝑎 < 𝑏 ≤ 1, we convert these fractions
into index cutoffs in the sorted list. The corresponding empirical
region is:

R [𝑎,𝑏 ) =
{︁
𝜏 (𝑖 )

�� ⌊𝑎𝑚⌋ + 1 ≤ 𝑖 ≤ ⌊𝑏𝑚⌋
}︁

(4)

where 𝑚 = |Gtrain |. In our experiments, we refer to the interior
regions as: Low-Mid = [0.20, 0.40), Mid = [0.40, 0.60), Mid-High =

[0.60, 0.80). Together with the Lowest, and Highest regions, these
regions allow us to perturb different parts of the learned rankings
while keeping the budget fixed.

3.2 Generation of perturbed datasets
Let Gtrain = {𝑥1, . . . , 𝑥𝑛} ⊆ E ×R × E denote the reference training
graph, where each𝑥𝑖 = (ℎ𝑖 , 𝑟𝑖 , 𝑡𝑖 ) has a separation score Sep(𝑥𝑖 ) ∈ R.
To assess the effect of different perturbation levels, we define the
edit budget as a ratio of the total training size of each dataset
(see Equation 4). Using this budget, we construct edited training
graphs through deletion-only or addition-only perturbations. The
edits are guided by the separation margins. Deletion probes the
effect of removing existing triples with different separation profiles,
whereas addition probes the effect of injecting non-existing but
separation-informed candidate triples. Primarily, we categorize
training triples according to their separation margin relative to
the hard-negative boundary. High-separation triples are those for
which the model assigns the observed training tail a score clearly
above the hard-negative boundary for the same (ℎ, 𝑟 ) query. These
triples can therefore be interpreted as facts that the model has
learned to distinguish from competitive negative alternatives. In
contrast, low-separation triples are facts whose scores remain close
to, or below, the hard-negative region, indicating that the model
does not clearly distinguish them from negative candidates. The
intermediate bands (Low-Mid, Mid, and Mid-High) cover triples
that are neither weakly separated nor strongly separated from
competing negatives. Including these bands allows us to compare
the effect of perturbing triples across different levels of separation.

3.3 Deletion-only dataset generation
For deletion-only perturbations, a policy 𝑝 selects exactly 𝐵(𝜌)
training triples for removal. The resulting edited graph is:

G (𝜌 )
del,𝑝 = Gtrain \ 𝐷 (𝜌 )

𝑝 , |𝐷 (𝜌 )
𝑝 | = 𝐵(𝜌).

Let 𝑥 (1) , . . . , 𝑥 (𝑛) denote the training triples sorted in ascending
order of their separation margins, i.e., Sep(𝑥 (1) ) ≤ · · · ≤ Sep(𝑥 (𝑛) ).
We define five deletion policies over this ordering. The Lowest
policy removes the first 𝐵(𝜌) triples, corresponding to the least
separated training facts. The Highest policy removes the last 𝐵(𝜌)
triples, corresponding to the most strongly separated facts. The
remaining three policies target the interior of the separation distri-
bution: Low-Mid, Mid, and Mid-High select triples from the empir-
ical rank intervals [0.2, 0.4), [0.4, 0.6), and [0.6, 0.8), respectively.

Within each interior interval, we do not select only the lowest-
or highest-ranked triples. Instead, we select 𝐵(𝜌) triples at evenly
spaced positions across the interval. This gives a representative sub-
set of each interior region: Low-Mid samples the lower-middle part
of the separation distribution, Mid samples the central part, and
Mid-High samples the upper-middle part. Together with Lowest
and Highest, these policies therefore perturb five ordered regions
of the separation distribution, from least separated to most strongly
separated training facts.

3.4 Addition-only dataset generation
For addition-only perturbations, we augment the training graph
with non-existing triples obtained by replacing the tail of a training
triple with a negative-tail candidate. For each training triple 𝑥 =

(ℎ, 𝑟, 𝑡) ∈ Gtrain, the separation computation stores a candidate tail
for each policy: 𝜋 ∈ {Lowest, Low-Mid,Mid,Mid-High,Highest}.
The Lowest and Highest candidates correspond to the absolute low-
est and highest candidate margins for the same (ℎ, 𝑟 ) query, respec-
tively. The Low-Mid, Mid, and Mid-High candidates are drawn from
progressively higher interior empirical regions of the query-local
negative-tail separation-margin distribution. For a policy 𝜋 , the
candidate generated from 𝑥 = (ℎ, 𝑟, 𝑡) is (ℎ, 𝑟, 𝑡𝜋 (𝑥)). We accept this
candidate only if it is not already in the original training graph and
has not already been selected for the same addition dataset. For each
perturbation ratio 𝜌 , we uniformly sample source triples from the
training graph and add policy-specific candidates (ℎ, 𝑟, 𝑡𝜋 (𝑥)) until
the budget 𝐵(𝜌) is reached. Denoting the selected additions by𝐴 (𝜌 )

𝜋 ,
the edited training graph is G (𝜌 )

add,𝜋 = Gtrain ∪𝐴
(𝜌 )
𝜋 , |𝐴 (𝜌 )

𝜋 | = 𝐵(𝜌).
This design allows us to examine how link-prediction performance
changes when we add previously unobserved triples with different
levels of separation from the hard-negative boundary.

3.5 Ensemble-Based Separation
The separation policies described above select perturbations using
the scores of the model under analysis. We additionally consider
a reduced-access setting in which the target model’s scores are
unavailable. In this setting, perturbations are selected using an
ensemble of proxy KGE models rather than the target model itself.
LetM = {𝑀1, . . . , 𝑀𝐾 } denote the proxy ensemble. For each proxy
model𝑀𝑚 , we compute the separationmargin of each training triple
using the same definition as before. Because different KGE models
may use different score scales, we do not average raw separation
margins. Instead, for each proxymodel, we convert the margins into
percentile ranks over the relevant selection set X. For deletion, the
selection set is the set of training triples, X = Gtrain. For addition,
the selection set is the shared candidate pool, X = C, where C is
the union of candidates proposed by the proxy models. For each
𝑥 ∈ X, let 𝜌𝑚 (𝑥) = rankpct

(︁
𝑠𝑚 (𝑥); {𝑠𝑚 (𝑥 ′) : 𝑥 ′ ∈ X}

)︁
denote the

percentile rank of the separation margin assigned to 𝑥 by proxy
model𝑀𝑚 . The ensemble separation rank is then:

𝜌 (𝑥) = 1
|M|

∑︁
𝑀𝑚 ∈M

𝜌𝑚 (𝑥).

Low values of 𝜌 (𝑥) indicate items that are consistently weakly sepa-
rated across the proxy models, while high values indicate items that
are consistently strongly separated. We use 𝜌 to define the same
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five perturbation policies as in the single-model setting. The Low-
est and Highest policies select items with the smallest and largest
ensemble ranks, respectively. The Low-Mid, Mid, and Mid-High
policies select representative items from the empirical rank inter-
vals [0.2, 0.4), [0.4, 0.6), and [0.6, 0.8). For deletion, the selected
items are removed from Gtrain; for addition, the selected candidates
are added to Gtrain. For ensemble-based addition, let C denote the
set of candidate triples considered for addition. Each candidate
𝑥 = (ℎ, 𝑟, 𝑒) ∈ C is evaluated by every proxy model 𝑀𝑚 . Its sep-
aration margin under proxy 𝑀𝑚 is 𝑠𝑚 (𝑥) = 𝜙𝑚 (ℎ, 𝑟, 𝑒) − 𝑏𝑚 (ℎ, 𝑟 ),
where 𝑏𝑚 (ℎ, 𝑟 ) is the hard-negative boundary for query (ℎ, 𝑟 ) un-
der𝑀𝑚 . Since separation-margin scales differ across proxy models,
we convert the margins produced by each proxy into percentile
ranks over C. Let 𝜌𝑚 (𝑥) denote the percentile rank of 𝑠𝑚 (𝑥) under
proxy 𝑀𝑚 . For candidate 𝑥 , we then compute the average per-
centile rank across the proxy models: 𝜌 (𝑥) = 1

|M |
∑︁
𝑀𝑚 ∈M 𝜌𝑚 (𝑥) .

The candidates are ordered according to 𝜌 (𝑥), yielding a consensus
separation ordering across the proxy models. We then define the
ensemble Lowest, Low-Mid, Mid, Mid-High, and Highest regions
from this consensus ordering. This ensemble setting tests whether
separation-margin-guided perturbations remain effective when the
perturbation set is selected without access to the target model’s
scores. If the resulting perturbations still affect the target model,
then the effect is less likely to be an artifact of a single scoring
function and more likely to reflect a model-agnostic property of
the link-prediction training objective.

4 Experimental Setup
Our experiments evaluate separation-margin-guided training-graph
perturbations across seven benchmark datasets, six state-of-the-
art KGE models, two perturbation types (deletion and addition),
five perturbation ratios 𝜌 = 0.02, 0.04, 0.06, 0.08, 0.10, and six selec-
tion variants per ratio: Random, Lowest, Low-Mid, Mid, Mid-High,
and Highest. The Random baseline uses the same budget as the
separation-based variants: for deletion, it removes uniformly sam-
pled training triples; for addition, it samples feasible non-existing
triples by preserving observed (ℎ, 𝑟 ) and replacing the tail uni-
formly from the entity set. For each dataset–model combination,
we also train one clean reference model on the original training
graph, before any perturbations. The single-model setting therefore
contains: 7datasets × 6models × 5ratios × 6variants × 2types = 2,520 per-
turbed configurations. Repeating the same design with ensemble-
based selection gives another 2,520 configurations. Including the
7datasets × 6models = 42 clean reference configurations, the full study
contains 2,520 + 2,520 + 42 = 5,082 distinct experiments.

4.1 Datasets
We use a set of benchmark knowledge graphs that cover different
domains and structural properties. UMLS [19] contains biomed-
ical concepts and relations from the Unified Medical Language
System. KINSHIP [10] represents relations among members of the
Alyawarra tribe. FB15k-237 [28] and CoDEx-S [24] are general-
domain factual knowledge graphs. NELL-995-h100 [32] is derived
from the Never-Ending Language Learning project and contains au-
tomatically extracted real-world facts. WN18RR [11] is derived from
WordNet, a lexical knowledge base of word meanings and semantic

relations [21]. For Nations dataset [18, 22], we use the benchmark
splits distributed through KGDatasets [18] and PyKEEN [22]. The
characteristics of the benchmark datasets are summarized in Table 1.
For each dataset, we report the number of triples in the training,
validation, and test splits, together with the number of unique enti-
ties |E | and relations |R |. Let T denote the set of triples considered
for computing the dataset statistics. We measure entity density as
ED =

2 | T |
| E | , where the factor 2 accounts for the head and tail entity

positions in each triple. Thus, ED measures the average number of
entity occurrences per entity. Similarly, relation density is defined
as RD =

| T |
|R | , which measures the average number of triples per

relation. To capture how evenly facts are distributed across enti-
ties and relations, we also report entropy-based statistics. Entity
entropy is computed as:

EE = −
∑︁
𝑒∈E

𝑝𝑒 log2 𝑝𝑒 , 𝑝𝑒 =
𝑐𝑒∑︁

𝑒′∈E 𝑐𝑒′
, (5)

where 𝑐𝑒 denotes the number of occurrences of entity 𝑒 across the
head and tail positions of all triples. Since each triple contributes
one head and one tail entity occurrence, we have

∑︁
𝑒′∈E 𝑐𝑒′ = 2|T |.

Relation entropy is computed correspondingly as:

RE = −
∑︁
𝑟 ∈R

𝑝𝑟 log2 𝑝𝑟 , 𝑝𝑟 =
𝑐𝑟∑︁

𝑟 ′∈R 𝑐𝑟 ′
, (6)

where 𝑐𝑟 denotes the number of triples containing relation 𝑟 . Since
each triple contains exactly one relation, we have

∑︁
𝑟 ′∈R 𝑐𝑟 ′ = |T |.

Higher entropy indicates that facts are more evenly distributed
across entities or relations, whereas lower entropy indicates con-
centration around a smaller subset of entities or relations.

Table 1: Dataset statistics: split sizes, density, and entropy.

Dataset Train Val Test | E | | R | ED RD EE RE

Nations 1,592 199 201 14 55 284.57 36.22 3.72 5.20
KINSHIP 8,544 1,068 1,074 104 25 205.50 427.44 6.70 4.24
UMLS 5,216 652 661 135 46 96.73 141.94 6.60 4.47
FB15k-237 272,115 17,535 20,466 14,541 237 42.65 1308.51 12.72 6.55
CoDEx-S 32,888 1,827 1,828 2,034 42 35.93 870.07 10.20 3.40
NELL-995-h100 50,314 3,763 3,746 22,411 43 5.16 1344.72 12.01 4.19
WN18RR 86,835 3,034 3,134 40,943 11 4.54 8454.82 14.64 2.23

Table 1 shows that the datasets vary substantially in terms of
entity and relation occurrence statistics. In terms of entity density
(ED), Nations [18, 22] has the highest ED, followed by KINSHIP [10]
and UMLS [19], while FB15k-237 [28] and CoDEx-S [24] are mod-
erately dense, whereas NELL-995-h100 [32] and WN18RR [11] are
sparse with respect to entity coverage. WN18RR [11] is particularly
notable because it has the lowest ED but the highest RD. This means
that individual entities appear in relatively few triples whereas each
relation is used across many triples. Its low RE further indicates that
relation occurrences are unevenly distributed across the relation
set. Thus, WN18RR combines low average entity participation with
concentrated relation usage.

4.2 Link Prediction Approaches
Our experiments include a diverse set of KGE models with different
relational inductive biases. This allows us to test whether the pro-
posed separation-margin analysis captures model-specific behavior
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or a more general pattern shared across KGE models. TransH [31]
is included because it directly addresses the limitations of sim-
ple translation models on mapping patterns such as one-to-many,
many-to-one, and many-to-many relations. It projects entities onto
relation-specific hyperplanes before applying translation, giving
each entity a relation-dependent representation. DistMult [33] pro-
vides a multiplicative model based on diagonal bilinear interactions.
Its symmetry constraint limits its ability to model antisymmetric
relations. However, its relatively simple scoring function makes it
suitable for examining how graph edits selected by our separation-
margins affect link-prediction performance. ComplEx [29] extends
DistMult [33] by using complex-valued embeddings. The complex-
valued formulation distinguishes head and tail roles and better
captures asymmetric relations. RotatE [27] represents relations as
rotations in complex space and is designed to capture symmetry, an-
tisymmetry, inversion, and composition. MuRE [3] applies relation-
specific coordinate transformations together with translation-style
matching. This gives it more flexibility than pure translation mod-
els for relation-dependent and high-arity patterns. Keci [9] uses
Clifford-algebraic interactions, generalizing simpler multiplicative
models such as DistMult [33] and ComplEx [29] and providing a
more expressive algebraic scoring family. Together, these models
cover projection-based, multiplicative, rotational, transformation-
based, and algebraic KGE families.

5 Evaluation
Our evaluation asks whether the separation margin of a training
triple is informative about its role in learning. We first characterize
each training triple by its separation from candidate negative tails,
and then test the effect of this characterization through controlled
training-graph edits. To isolate the impact of each edit type, we
evaluate deletion-only and addition-only settings separately. In
both cases, separation-guided edits are compared against random
baselines under the same perturbation budgets. This allows us
to assess whether perturbing different empirical regions of the
separation-margin distribution affects link-prediction performance
differently from random edits. To compare performance changes
across datasets and models with different reference MRR values,
we report signed relative percentage changes with respect to the
unperturbed reference model. The reference model is trained on the
original training graph, before any deletion or addition perturbation.
Let MRRref

𝑑,𝑚
denote the MRR of model 𝑚 on dataset 𝑑 without

perturbations, and let MRR𝑥
𝑑,𝑚,𝑟

denote the MRR obtained after
applying perturbation strategy 𝑥 at ratio 𝑟 . We define:

Δ𝑥
𝑑,𝑚,𝑟

(%) = 100 ·
MRR𝑥

𝑑,𝑚,𝑟
− MRRref

𝑑,𝑚

MRRref
𝑑,𝑚

. (7)

Negative values indicate MRR reductions relative to the reference
model; positive values indicate relative improvements.

For brevity, we report the results as compact winner-summary
tables. Rather than reporting every perturbation variant in full,
each cell in Tables 2,4,3,5,7,6 show the strategy with the strongest
effect for a given dataset–model–ratio combination (here, ratio
means the budget for perturbation). Random perturbation provides
a budget-matched baseline that does not use separation informa-
tion. Therefore, differences between random and separation-guided

edits reflect the effect of the selection criterion. All comparisons
are centered on a single question: Are separation-margin-guided
edits more effective than random edits in changing link-prediction
performance? For deletion, this means identifying which strategy
produces the largest MRR reduction relative to the unperturbed
reference model. Unlike deletion, which removes existing training
evidence for link prediction, addition expands the training graph
with new triples. These additions may distort the learning sig-
nal or provide additional evidence that improves link-prediction
performance. Therefore, addition can affect performance in either
direction, and we report both the largest MRR reductions and the
largest MRR improvements. Comparing random additions with
separation-guided additions therefore allows us to test whether
the separation margin provides a meaningful selection signal. We
also observed occasional improvements in MRR after deletion. Such
gains may occur when some training triples are less useful for learn-
ing patterns that generalize well to unseen triples. Removing such
triples may therefore improve link-prediction performance. How-
ever, these gains are generally rare, small, and inconsistent across
experimental settings. We therefore report and discuss deletion
results mainly in terms of MRR reductions.

5.1 Deletions
The deletion results in Table 2 show that the strongest MRR reduc-
tions are not produced mainly by removing the absolute lowest- or
highest-separation triples. Instead, the most damaging deletions
often come from the interior regions of the empirical separation-
margin distribution, especially Low-Mid, Mid, and Mid-High. This
indicates that the model is not affected only by triples it fails to sepa-
rate or by triples it has already separated with very high confidence.
Rather, triples with intermediate separation appear to be more influ-
ential for link-prediction performance. These triples are sufficiently
separated from competing negative tails but are not often among the
highest-separation triples. Their removal therefore has a stronger
effect on the resulting rankings. Moreover, separation-based regions
produce the strongest effects in most cases, while random perturba-
tion is more effective only rarely. This suggests that the perturbation
effect is driven by where triples lie in the separation-margin dis-
tribution. In Section 7, we discuss why intermediate-separation
triples can be more damaging to remove than the two extremes.
We relate this behavior to the KGE training objective, where true
triples must be ranked above hard competing candidates within
their relation-specific prediction task.

5.2 Additions
Beyond deletion, the same separation-margin analysis allows us to
study separation-informed additions to the training graph. For each
training triple (ℎ, 𝑟, 𝑡), we keep the query (ℎ, 𝑟 ) fixed and replace
the tail with a non-existing tail selected from a specific region of the
separation-margin distribution of candidate tails for the same (ℎ, 𝑟 )
query. The addition policies inject different types of non-existing
triples. Lowest and Highest select candidates from the two extremes
of the candidate-margin distribution, while Low-Mid, Mid, and Mid-
High select candidates from progressively higher interior regions.
Since KGs are incomplete, some non-existing candidates, especially
those with stronger model support, may correspond to plausible
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Table 2: Deletion: largest relative MRR drops from reference.

DB Ratio DistMult ComplEx Keci MuRE TransH RotatE

N
at
io
ns

0.02 -4.5% -9.4% -7.5% -3.6% -5.6% -5.8%
0.04 -7.1% -9.5% -7.4% -6.2% -7.2% -3.2%
0.06 -12.1% -14.6% -12.5% -6.3% -12.8% -8.2%
0.08 -10.1% -17.7% -15.0% -9.4% -12.9% -6.7%
0.10 -10.8% -18.2% -14.1% -10.5% -11.1% -10.0%

KI
N
SH

IP 0.02 -3.5% -5.3% -6.1% -6.2% -2.4% -4.0%
0.04 -7.6% -9.7% -10.7% -8.8% -5.1% -7.2%
0.06 -8.6% -12.8% -11.5% -13.0% -13.0% -9.7%
0.08 -14.5% -16.1% -15.6% -17.0% -14.5% -12.9%
0.10 -12.8% -19.6% -17.9% -15.8% -14.6% -13.3%

U
M
LS

0.02 -7.6% -8.4% -5.2% -8.2% -8.0% -4.2%
0.04 -12.5% -9.0% -11.9% -12.8% -11.5% -6.7%
0.06 -15.1% -16.1% -15.7% -16.6% -16.3% -8.3%
0.08 -19.0% -17.7% -19.8% -20.4% -20.0% -14.1%
0.10 -24.7% -23.5% -23.6% -23.6% -23.3% -18.6%

FB
15
k-
23
7 0.02 -4.6% -5.6% -10.1% -6.5% -1.3% -1.8%

0.04 -13.1% -6.4% -7.8% -5.3% -0.5% -4.2%
0.06 -14.9% -10.2% -23.7% -11.9% -8.2% -6.5%
0.08 -12.7% -19.6% -12.3% -13.2% -6.2% -14.2%
0.10 -17.1% -11.2% -60.9% -14.0% -7.1% -18.0%

Co
D
Ex

0.02 -0.9% -9.5% -9.4% -7.7% -4.2% -5.9%
0.04 -5.5% -6.3% -13.1% -8.7% -3.7% -7.8%
0.06 -10.2% -9.8% -17.2% -12.1% -5.7% -8.8%
0.08 -13.9% -11.4% -19.3% -14.8% -9.0% -12.0%
0.10 -15.3% -18.1% -19.1% -17.7% -16.2% -17.0%

N
EL

L-
99
5

h1
00

0.02 -7.0% -2.7% -9.7% -0.9% -3.8% -6.9%
0.04 -7.0% -8.9% -20.0% 0.0% -10.4% -6.8%
0.06 -7.0% -11.2% -14.1% -3.6% -12.0% -8.7%
0.08 -11.9% -18.1% -19.4% -3.1% -10.4% -11.0%
0.10 -12.9% -12.0% -11.5% -6.5% -11.6% -13.7%

W
N
18
RR

0.02 -13.4% -1.6% -36.6% -5.4% -9.6% -7.4%
0.04 -8.6% -3.1% -26.2% -10.6% -12.4% -10.1%
0.06 -11.4% -14.4% -33.3% -13.6% -12.9% -14.4%
0.08 -16.0% -26.4% -32.8% -17.2% -12.3% -13.0%
0.10 -17.9% -22.3% -37.3% -21.5% -14.7% -18.1%

Random Lowest MidLow Mid MidHigh Highest

missing links rather than true negatives. At the same time, added
triples may also distort the supervision signal if they introduce
implausible facts into the training graph. Therefore, the effect of
addition is not known in advance. Comparing random additions
with separation-informed additions allows us to test whether the
separation margin provides a useful signal for training-graph aug-
mentation. If additions from particular empirical margin regions
improve performance more often than random additions, the im-
provement cannot be attributed merely to increasing the number of
training triples. Rather, it suggests that the choice of candidate addi-
tions matters, and that separation-margin analysis can distinguish
candidate triples with different training effects. We examine these
addition effects by separately analyzing cases where performance
drops and cases where performance improves.

5.2.1 Damage Caused by Additions: The addition-damage shown
in Table 3 provides a complementary view: somemargin regions are
associatedwith stronger performance degradation. The largestMRR
drops are most often caused by Lowest and other low-margin addi-
tions. These candidates are generated for the same (ℎ, 𝑟 ) prediction
queries as the original triples, but they areweakly supported relative
to competing tails. Treating them as positive training facts therefore
injects supervision that conflicts with the model’s ranking scheme
and can distort relation-specific predictions. In contrast, Highest-
region additions rarely produce the strongest damage, since they
are more compatible with the learned ranking signal and may cor-
respond to plausible missing links in an incomplete KG. Random
additions are also rarely the most damaging. Thus, the damage is

Table 3: Addition: largest relative MRR drops from reference.

DB Ratio DistMult ComplEx Keci MuRE TransH RotatE

N
at
io
ns

0.02 -4.0% -6.4% -7.3% 0.0% -5.5% -2.0%
0.04 -3.1% -9.8% -4.9% -4.7% -3.7% -0.8%
0.06 -1.2% -11.6% -6.9% -4.1% -5.1% -7.4%
0.08 -3.4% -14.5% -6.2% -6.4% -3.3% -7.0%
0.10 -4.6% -12.1% -3.7% -4.0% -6.2% -7.1%

KI
N
SH

IP 0.02 -1.7% -2.8% -4.4% -1.5% -2.1% -0.2%
0.04 -3.5% -4.2% -6.3% -2.3% -1.9% -0.6%
0.06 -4.3% -5.1% -6.4% -3.5% -4.3% 0.0%
0.08 -6.1% -6.3% -7.9% -6.6% -7.4% -0.2%
0.10 -7.2% -7.0% -6.5% -8.1% -5.8% -0.1%

U
M
LS

0.02 -3.4% -1.3% -2.7% -0.1% -3.5% -3.0%
0.04 -5.3% -2.3% -4.8% -0.8% -1.9% -2.7%
0.06 -4.0% -4.0% -8.4% -2.1% -4.4% -6.7%
0.08 -6.5% -4.6% -6.7% -2.6% -5.0% -6.2%
0.10 -7.3% -4.2% -7.3% -2.5% -5.7% -5.3%

FB
15
k-
23
7 0.02 -0.5% -1.2% -3.9% -3.2% -1.8% 0.0%

0.04 -5.8% -3.5% -20.2% -3.7% -4.6% -0.0%
0.06 -3.6% -11.6% -2.7% -4.2% -2.9% -1.7%
0.08 -4.9% -5.5% -17.7% -4.7% -2.8% -2.6%
0.10 -6.3% -6.0% -9.4% -5.7% -3.5% -1.7%

Co
D
Ex

0.02 -1.7% -3.2% -4.9% -3.9% 0.0% -3.1%
0.04 -2.5% -3.0% -7.6% -4.0% -3.0% -5.6%
0.06 -1.3% -4.6% -6.6% -5.0% -2.5% -5.2%
0.08 0.0% -3.7% -6.2% -4.8% -3.5% -5.1%
0.10 -0.1% -6.3% -7.2% -5.7% -3.5% -6.8%

N
EL

L-
99
5

h1
00

0.02 -2.9% -2.9% -6.5% 0.0% -5.0% -0.1%
0.04 -3.7% -3.0% -6.3% -3.1% -5.7% -1.0%
0.06 -7.4% -4.7% -8.5% -3.0% -10.7% -2.4%
0.08 -9.2% -5.0% -12.4% -4.1% -7.0% -3.5%
0.10 -10.3% -6.0% -12.1% -5.3% -10.7% -3.1%

W
N
18
RR

0.02 0.0% -3.9% -8.0% -3.3% -3.1% -2.1%
0.04 -5.0% -2.6% -6.6% -5.3% -7.6% -3.5%
0.06 -1.7% -8.4% -10.4% -7.5% -8.1% -3.3%
0.08 -3.6% 0.0% -9.2% -9.2% -12.6% -4.1%
0.10 -3.6% -1.5% -9.0% -12.1% -14.2% -4.9%

Rnd Lowest MidLow Mid MidHigh Highest

not caused merely by adding triples; it depends on which empirical
margin region the added candidates come from.

5.2.2 Gains by Additions: Table 4 shows that the largest MRR im-
provements are most often obtained by adding triples from the
Highest candidate-margin region. These additions are not arbitrary:
for the same (ℎ, 𝑟 ) query, they correspond to non-existing tails
that the model ranks above most competing alternatives. Because
knowledge graphs are incomplete, such candidates may represent
plausible missing links and can provide useful additional supervi-
sion during training. Random addition uses the same budget but
ignores this margin structure, and therefore rarely yields compara-
ble gains. The observed improvements are thus not a consequence
of adding more triples alone; they depend on selecting candidates
from particular regions of the model’s ranking landscape. This sup-
ports viewing the method as separation-guided self-training rather
than generic graph augmentation.

6 Ensemble
The ensemble-based results show that the separation-margin view-
point remains useful even when the target model’s scores are not
available. In this setting, perturbations are selected using proxy
models, yet the deletion and addition patterns remain broadly con-
sistent with the single-model results. This suggests that the signal
captured by separation margins is not merely a property of one
particular scoring function. Rather, it reflects a common structure
of link-prediction systems: triples are assigned plausibility scores,
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Table 4: Addition: largest relative MRR gains over reference.

DB Ratio DistMult ComplEx Keci MuRE TransH RotatE

N
at
io
ns

0.02 +0.7% +1.5% +4.0% +3.2% +1.3% +1.0%
0.04 +0.3% 0.0% +1.5% +3.6% +5.1% +2.1%
0.06 +2.1% +1.7% 0.0% +4.6% +10.1% +1.5%
0.08 +3.4% +2.7% +2.5% +2.6% +11.1% +3.0%
0.10 +4.3% +1.0% +4.6% +4.0% +18.2% +2.2%

KI
N
SH

IP 0.02 +2.1% +1.5% 0.0% +0.2% +2.5% +0.6%
0.04 +3.7% +1.6% +1.0% +0.6% +5.9% +1.6%
0.06 +1.4% +1.1% +1.1% +1.2% +7.7% +1.9%
0.08 +2.0% +1.7% +0.5% +1.7% +5.4% +2.1%
0.10 +1.7% +3.0% +2.8% +2.1% +6.0% +2.5%

U
M
LS

0.02 +1.0% +2.1% +2.8% +1.5% +1.6% +0.0%
0.04 +0.7% +2.1% +3.0% +2.0% +2.7% +2.3%
0.06 +0.7% +3.1% +4.3% +1.6% +2.7% +3.8%
0.08 +1.2% +4.0% +3.8% +1.9% +3.4% +1.9%
0.10 +0.2% +4.4% +4.7% +2.2% +3.6% +2.8%

FB
15
k-
23
7 0.02 +1.1% +4.6% +5.1% 0.0% 0.0% +2.3%

0.04 +3.0% +4.1% +2.2% 0.0% +0.7% +0.9%
0.06 +1.8% +3.4% +3.5% +0.4% +1.5% +0.9%
0.08 +2.5% +7.4% +2.4% +3.5% +0.6% +1.3%
0.10 +0.5% +2.7% +5.9% +0.9% 0.0% +1.5%

Co
D
Ex

0.02 +3.0% +3.3% +1.3% 0.0% +1.3% +0.1%
0.04 +5.1% +5.4% 0.0% +2.0% +3.1% 0.0%
0.06 +6.6% +5.5% +1.3% +3.6% +3.4% 0.0%
0.08 +7.0% +8.8% +2.9% +4.3% +1.8% 0.0%
0.10 +11.4% +9.7% +1.9% +5.7% +3.5% +0.5%

N
EL

L-
99
5

h1
00

0.02 +1.7% +2.9% +0.1% +2.6% +1.6% +1.2%
0.04 +1.0% +5.9% +0.4% +5.4% +1.6% +1.4%
0.06 +3.4% +6.1% +1.5% +3.8% 0.0% +1.5%
0.08 +2.4% +8.9% 0.0% +7.6% 0.0% +1.1%
0.10 +3.7% +8.3% +3.1% +6.9% +2.6% 0.0%

W
N
18
RR

0.02 +3.4% +15.1% 0.0% 0.0% +0.8% +0.2%
0.04 +2.1% +6.2% 0.0% 0.0% 0.0% 0.0%
0.06 +2.6% +11.1% 0.0% 0.0% 0.0% 0.0%
0.08 0.0% +7.9% 0.0% 0.0% 0.0% 0.0%
0.10 +0.2% +7.5% 0.0% 0.0% 0.0% 0.0%

Rnd Lowest MidLow Mid MidHigh Highest

and their effect on training depends on how clearly they are dis-
tinguished from competing candidates. From this perspective, the
ensemble approach does not need to reproduce the exact scores of
the target link prediction system. It only needs to identify triples
that occupy similar separation regions across link-prediction mod-
els, such as weakly separated, intermediate, and strongly separated
triples. This suggest that separation-margin-guided perturbations
reflect the ranking structure of knowledge graph completion, rather
than only the behavior of individual models. The corresponding
ensemble results are reported in Tables 5, 6, and 7.

7 Discussion
The separation-margin regions can be interpreted as different lev-
els of alignment between asserted facts and the model’s learned
ranking of those facts relative to competing negative candidates.
KGE models do not necessarily represent all observed training facts
equally well. Many triples contribute to the same entity and re-
lation embeddings. As a result, differences in graph connectivity,
relation patterns, and model inductive bias may cause some facts to
be represented more strongly than others. Our results suggest that
removing weakly separated triples often has limited impact since
these facts may already be only weakly reflected in the model’s
ranking. Strongly separated triples are also relatively robust to re-
moval. This may be because strongly separated triples are supported
by other training facts involving the same entities and relations.
Intermediate-separation triples appear to be more influential. They
are represented strongly enough to affect the ranking but are less

Table 5: Ensemble-based deletion: largest relative MRR drops.

DB Ratio DistMult ComplEx Keci MuRE TransH RotatE

N
at
io
ns

0.02 -3.9% -8.8% -4.5% -1.4% -4.4% -5.4%
0.04 -9.2% -10.3% -12.7% -7.6% -4.9% -5.7%
0.06 -11.4% -14.6% -10.3% -6.0% -8.0% -6.5%
0.08 -13.6% -15.8% -14.7% -9.3% -12.9% -8.8%
0.10 -16.3% -16.4% -14.1% -14.7% -9.4% -10.5%

KI
N
SH

IP 0.02 -4.6% -5.3% -5.8% -5.7% -4.3% -4.1%
0.04 -6.5% -10.6% -10.1% -7.9% -4.8% -5.6%
0.06 -8.7% -11.3% -11.8% -11.4% -7.0% -10.0%
0.08 -10.6% -16.5% -14.7% -12.6% -5.6% -11.3%
0.10 -15.2% -18.7% -19.3% -17.7% -10.3% -10.4%

U
M
LS

0.02 -7.5% -5.0% -4.9% -6.4% -5.5% -5.3%
0.04 -12.1% -11.4% -9.2% -11.5% -12.5% -8.6%
0.06 -17.4% -18.4% -15.1% -15.3% -16.6% -13.4%
0.08 -19.6% -19.0% -17.9% -19.5% -21.0% -17.2%
0.10 -24.7% -21.8% -23.6% -22.4% -22.9% -19.0%

FB
15
k-
23
7 0.02 -6.3% -5.6% -10.1% -3.6% -1.5% -4.2%

0.04 -6.8% -5.6% -43.6% -5.2% -4.2% -4.6%
0.06 -11.2% -5.5% -22.6% -9.7% -6.2% -7.0%
0.08 -13.1% -14.1% -37.6% -9.5% -8.6% -9.9%
0.10 -22.4% -17.6% -60.9% -9.9% -11.9% -13.1%

Co
D
Ex

0.02 -5.8% -5.9% -11.2% -5.3% -4.3% -4.0%
0.04 -6.9% -5.7% -13.1% -8.6% -7.0% -7.1%
0.06 -7.9% -8.3% -14.7% -10.0% -4.4% -8.4%
0.08 -12.2% -11.4% -19.8% -17.2% -8.0% -11.3%
0.10 -10.8% -14.6% -19.1% -15.5% -8.5% -12.9%

N
EL

L-
99
5

h1
00

0.02 -4.6% -7.8% -8.7% 0.0% -2.5% -6.2%
0.04 -4.5% -8.9% -14.1% 0.0% -6.8% -6.8%
0.06 -5.2% -12.2% -13.0% -0.2% -12.6% -8.3%
0.08 -11.9% -18.1% -19.4% -4.7% -23.5% -9.5%
0.10 -12.3% -16.0% -25.3% -5.9% -17.8% -13.8%

W
N
18
RR

0.02 -7.5% -16.1% -22.5% -11.3% -6.2% -4.8%
0.04 -13.9% -17.6% -35.2% -15.9% -9.6% -7.5%
0.06 -19.7% -27.9% -28.1% -19.1% -12.8% -11.8%
0.08 -25.8% -24.0% -34.2% -22.6% -18.3% -16.1%
0.10 -30.6% -32.8% -33.2% -27.3% -17.0% -17.4%

Rnd Lowest MidLow Mid MidHigh Highest

robust to removal. We divide candidates into ordered regions, from
weakly separated to strongly separated candidates. These regions
reflect the model’s degree of support, not the factual validity of the
triples. A weakly separated candidate is therefore not necessarily
false; it only means that the trained model does not represent this
triple as clearly supported relative to competing tails for the same
(ℎ, 𝑟 ) query. In this sense, the fact is valid in the symbolic graph, but
the trained model has not learned it strongly enough to separate it
reliably from competing negative candidates. Such disagreement
may arise because the chosen scoring function or embedding space
is poorly suited to the relational pattern expressed by the fact. This
interpretation also depends on the model family, since KGE mod-
els encode relational patterns differently [27]. Low separation may
therefore reflect a limited representation of an underlying relational
pattern rather than factual invalidity.

7.1 Interpreting Separation Margins
The effect of separation-guided perturbations may not be deter-
mined solely by the selected margin region. It can also depend on
the structural properties of the dataset and on how the model scores
competing candidate tails. A low separation margin, for example,
does not necessarily mean that a triple is unimportant; it may in-
stead indicate an ambiguous (ℎ, 𝑟 ) query where several tails are
plausible or where positives remain close to hard competing neg-
atives. Thus, separation margins should be interpreted relative to
the corresponding (ℎ, 𝑟 ). We analyze how these signals vary across
model families, tail cardinality, and perturbation outcomes.
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Table 6: Ensemble-based addition: largest relative MRR drops.

DB Ratio DistMult ComplEx Keci MuRE TransH RotatE

N
at
io
ns

0.02 -3.2% -7.1% -6.0% -0.4% -4.2% -4.3%
0.04 -3.1% -9.6% -4.5% -1.4% -4.8% -8.2%
0.06 -4.2% -11.3% -8.6% -2.6% -5.2% -14.4%
0.08 -5.9% -11.8% -6.4% -4.6% -4.3% -11.2%
0.10 -6.1% -13.2% -7.7% -2.6% -3.5% -7.9%

KI
N
SH

IP 0.02 -1.2% -2.0% -2.9% -1.5% -1.6% -1.1%
0.04 -1.8% -4.4% -4.2% -2.8% -0.9% -0.6%
0.06 -4.7% -4.8% -4.7% -4.1% -1.2% -0.0%
0.08 -6.1% -5.2% -6.3% -5.2% -0.3% -1.2%
0.10 -7.8% -6.0% -6.7% -5.3% -0.8% 0.0%

U
M
LS

0.02 -2.5% -1.7% -2.9% -0.4% -2.6% -3.0%
0.04 -4.5% -2.7% -3.6% -0.2% -3.8% -3.0%
0.06 -4.6% -3.6% -4.4% -0.4% -2.2% -0.8%
0.08 -6.3% -4.6% -4.6% -0.5% -2.2% -2.4%
0.10 -7.9% -6.4% -7.7% -0.7% -2.2% -0.4%

FB
15
k-
23
7 0.02 -3.4% -4.3% -23.2% -2.4% -4.9% -0.1%

0.04 -4.3% -5.5% -16.6% -4.0% -4.3% -0.9%
0.06 -2.4% -4.2% -29.6% -3.5% -5.3% -0.2%
0.08 -6.3% -1.1% -18.6% -3.5% -5.6% -1.2%
0.10 -9.8% -2.0% -13.1% -4.8% -7.7% -2.0%

Co
D
Ex

0.02 0.0% 0.0% -7.2% -3.4% 0.0% -3.7%
0.04 -1.5% -2.2% -9.5% -5.2% -0.2% -5.6%
0.06 -1.3% -0.6% -9.6% -4.4% -3.6% -5.7%
0.08 -2.8% -2.8% -9.4% -6.5% -4.6% -4.6%
0.10 -2.0% -3.7% -8.6% -4.1% -3.3% -6.6%

N
EL

L-
h1

00 0.02 -2.8% -1.6% -8.9% 0.0% -5.9% 0.0%
0.04 -4.2% -3.0% -9.5% -4.4% -4.5% -1.4%
0.06 -5.7% -4.7% -8.3% -4.3% -10.7% -0.8%
0.08 -7.8% -5.9% -11.3% -2.0% -5.5% -0.2%
0.10 -8.7% -6.3% -12.1% -4.6% -10.7% -0.9%

W
N
18
RR

0.02 -1.6% -1.6% -2.8% -3.4% -3.1% -2.1%
0.04 0.0% -2.6% -10.9% -6.5% -5.1% -2.8%
0.06 -1.6% -6.8% -7.0% -7.9% -6.4% -3.6%
0.08 -0.5% -5.5% -9.3% -10.9% -12.6% -3.8%
0.10 -3.4% -6.1% -12.2% -12.5% -12.2% -4.0%

Rnd Lowest MidLow Mid MidHigh Highest

7.1.1 Model’s Effect: Figure 2 shows that the separation-margin
distributions vary across models. DistMult [33], ComplEx [29],
Keci [9], and MuRE [3] often produce broader margin distribu-
tions, especially on sparse datasets such as CoDEx-S [24], NELL-
995-h100 [32], and WN18RR [11]. In contrast, TransH [31] and
RotatE [27] produce narrower distributions that remain closer to
the hard-negative boundary. These differences indicate that the
scale and distribution of separation margins are model dependent.
TransH [31] scores triples after projecting entities onto relation-
specific hyperplanes, whereas RotatE [27] represents relations as
rotations in complex space. Their different scoring functions there-
fore induce different score distributions and notions of distance
between positive and competing tails. We consequently interpret
the narrower margins of TransH [31] and RotatE [27] as model-
specific characteristics of the learned scores rather than as evidence
of weaker learning. These model-specific differences also motivate
our ensemble formulation. Rather than directly combining raw
separation margins, which may not be comparable across models,
we first convert the margins produced by each model into within-
model percentile ranks. The ensemble then aggregates these ranks
to capture the consensus relative position of each triple across mod-
els. Thus, although the absolute scale and distribution of separation
margins differ across models, there is sufficient agreement in the
relative positioning of triples for a consensus ranking to be useful.

7.1.2 Dataset’s Effect: Figure 4 further shows that median sepa-
ration margins vary with tail cardinality. This quantity denotes
the number of training tails associated with the same (ℎ, 𝑟 ) query.

Table 7: Ensemble-based addition: largest relative MRR gains.

DB Ratio DistMult ComplEx Keci MuRE TransH RotatE

N
at
io
ns

0.02 +0.5% +3.2% +1.3% +3.2% +2.5% +1.0%
0.04 +5.7% +1.7% 0.0% +4.7% +2.8% +3.2%
0.06 +2.2% 0.0% +1.7% +4.1% +6.6% +1.4%
0.08 +1.2% +3.5% +3.9% +3.1% +3.6% +2.8%
0.10 +4.4% +6.4% +9.4% +3.8% +3.9% +1.2%

KI
N
SH

IP 0.02 +1.0% 0.0% +0.4% +1.0% +1.6% +0.7%
0.04 +2.0% 0.0% 0.0% +0.8% +2.0% +0.9%
0.06 +3.2% +0.7% +2.7% +0.4% +1.4% +2.0%
0.08 +5.6% 0.0% +1.6% +0.4% +2.0% +2.5%
0.10 +6.3% +2.0% +1.6% +2.5% +2.3% +2.6%

U
M
LS

0.02 +0.0% +0.2% +0.5% +0.6% +2.0% +1.2%
0.04 +0.2% +0.8% +2.1% +1.0% +0.1% +3.3%
0.06 +1.6% +1.4% +2.2% +1.0% +0.7% +3.8%
0.08 +2.6% +2.2% +2.6% +1.2% +1.2% +1.9%
0.10 +2.6% +3.4% +3.5% +1.0% +1.0% +3.3%

FB
15
k-
23
7 0.02 +1.7% +2.8% +5.1% +0.7% +0.9% +2.3%

0.04 +0.7% +2.5% +3.5% +0.7% +0.5% +1.9%
0.06 +3.0% +3.6% +3.5% +0.2% +1.6% +2.1%
0.08 +7.9% +9.5% +5.5% +3.0% 0.0% +2.3%
0.10 +3.6% +9.1% +7.9% +3.6% +0.1% +1.5%

Co
D
Ex

0.02 +2.9% +2.9% 0.0% +0.9% +2.1% +1.2%
0.04 +5.2% +5.0% 0.0% +1.9% +2.6% +0.7%
0.06 +5.5% +5.8% 0.0% 0.0% +0.5% 0.0%
0.08 +7.9% +7.1% 0.0% +1.2% +0.8% +2.5%
0.10 +9.8% +10.4% +1.4% +1.6% +0.4% +2.6%

N
EL

L-
99
5

h1
00

0.02 +1.5% +4.1% +2.9% +6.6% 0.0% +1.2%
0.04 +6.8% +10.2% +5.7% +4.6% 0.0% +1.5%
0.06 +6.7% +12.4% +11.9% +7.4% 0.0% +2.7%
0.08 +10.2% +14.5% +14.4% +11.9% +2.9% +0.6%
0.10 +12.9% +20.0% +17.0% +12.2% +1.0% +1.6%

W
N
18
RR

0.02 +8.1% +21.3% +4.0% 0.0% +5.2% +3.7%
0.04 +10.3% +24.7% +5.2% +1.3% +8.0% +6.4%
0.06 +9.0% +19.4% +7.4% +0.5% +8.7% +7.2%
0.08 +9.0% +18.5% +6.5% +1.3% +7.2% +7.5%
0.10 +9.0% +8.7% +8.4% +0.2% +4.9% +6.6%

Rnd Lowest MidLow Mid MidHigh Highest

Higher tail cardinality means that the model must rank several valid
or plausible tails in the same prediction context. In incomplete KGs,
some plausible tails may be absent from the observed positives and
therefore appear among the candidate negatives. If these tails re-
ceive high scores, they can shift the upper part of the negative-score
distribution upward. This can increase the hard-negative boundary
and consequently reduce the separation margin. This is particularly
important for WN18RR [11]. As shown in Figure 3, WN18RR [11]
is not only sparse; it is also dominated by 1-to-𝑁 /𝑁 -to-1 relation
patterns. Such patterns create local prediction contexts with strong
competing alternatives. Therefore, a low or intermediate separation
margin in WN18RR [11] does not necessarily mean that a triple is
unimportant. It indicates that the triple is associated with a relation
for which plausible alternatives are difficult to separate.

7.1.3 Implications for deletion and addition: The observations in
Sections 7.1.1 and 7.1.2 help explain why deletion and addition
effects differ across models and datasets. In models with broader
separation distributions, empirical margin regions are more clearly
separated. Intermediate-margin triples can be especially influential
because they are learned well enough to affect ranking decisions,
yet remain close enough to competing alternatives that removing
them can alter the local ranking structure. For TransH [31] and
RotatE [27] , the same regions are compressed in raw margin space.
Deletion effects can therefore differ because the model keeps posi-
tives and hard negatives closer together. The same reasoning applies
to addition. High-margin additions often improve performance be-
cause they are selected from candidates that the model ranks highly
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Figure 2: Separation-margin distributions across dataset–model
pairs; red: mean, dashed: zero boundary.
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Figure 3: Percentage of training triples associated with each rela-
tion cardinality type across datasets.
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Figure 4: Median separation margins by tail cardinality across
datasets and models. Margins vary with cardinality structure and
KGE model.

within the same (ℎ, 𝑟 ) context, and some of them can correspond to
plausible missing links. However, for TransH [31] and RotatE [27],
high-margin candidates occur within a more compressed score
landscape. Such candidates can help when they are missing facts,
but they can also disturb the learned ranking structure when they
are plausible but false alternatives. Tail cardinality explains part
of the variation across datasets, while the model-specific patterns

observed for TransH [31] and RotatE [27] indicate that the hard-
negative boundary used in the separation-margin calculation is
influenced by each model’s scoring characteristics.

8 Conclusion
We introduced separation-margin-guided additions and deletions
as controlled probes to assess how training triples influence KGE
link-prediction rankings. The separation margin reveals whether
the model supports a fact strongly, weakly, or moderately relative
to competing alternatives. Our results show that link-prediction
rankings depend unevenly on training triples. For deletion, triples
from specific separation-margin bands are more influential than
random or extreme-margin removals. Some triples therefore appear
to contribute more strongly to maintaining the ranking of triples.
Adding weakly supported candidates often harms performance
while higher-margin candidates can improve it. This suggests that
augmentation depends on compatibility with the model’s ranking
and KG structure. Ensemble results support this interpretation. This
indicates that separation-margin-guided edits capture recurring
ranking vulnerabilities beyond a single trained model. In summary,
separation-margin analysis provides a diagnostic tool for under-
standing and improving KGE robustness. It highlights influential
training facts and candidate additions that can harm or improve
performance. Perturbation therefore becomes a tool for probing
and improving link prediction. Finally, our perturbation datasets
provide a benchmark for poisoning, robustness, and augmentation
in KG completion.

9 Future Work
Future work can extend separation-margin perturbations to mixed
edits that combine deletion and addition under a fixed budget. One
option is replacement-style editing within the same (ℎ, 𝑟 ) query by
removing (ℎ, 𝑟, 𝑡) from one margin region and adding (ℎ, 𝑟, 𝑡 ′) from
another. Ensemble selection can also be extended through voting
or consensus across multiple surrogate models and compared with
single-surrogate selection.

10 Reproducibility
To ensure reproducibility, we made our data and code publicly
available at https://doi.org/10.5281/zenodo.20363079. The archive
contains the benchmark knowledge graph training datasets and all
scripts needed to train reference KGE models, compute separation
margins, generate addition and deletion perturbations, run direct
and ensemble-based experiments, and evaluate the performance. It
also includes a README.txtwith installation instructions, directory
structure, and commands for running the experiments.
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