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Abstract
Knowledge Graph Embedding (KGE) models achieve strong link-prediction performance and are increasingly

deployed as part of enterprise knowledge graph infrastructure, but offer no direct interpretability; a shortcoming

that is increasingly consequential under emerging AI regulation (e.g., EU AI Act). We introduce ExamplE, a

post-hoc, model-agnostic explanation method grounded in case-based reasoning that attaches to pre-trained

KGE models without retraining or architectural change. Given a target link prediction, ExamplE identifies

the most influential training triples by sampling the latent-space neighbourhood of the target triple’s subject

and object embeddings, filtering for pairs that co-occur in the training graph, and ranking them by combined

embedding distance. The result is a ranked set of influential example triples from the knowledge graph, that

offer human-readable explanation grounded in training cases. We evaluate ExamplE using Remove-and-Retrain

(ROAR) and Reversed-ROAR protocols on Fb15k-237 and WN18RR, comparing against a random same-predicate

baseline.

Results from case-study trajectories and per-triple cross-sections show that ExamplE-identified examples

carry predictive influence in single-triple removal conditions; set-level outcomes are consistent with relational

redundancy. KGE models appear to encode relational patterns redundantly across same-predicate triples, so a

prediction is not reducible to a single supporting triple. ExamplE is designed for this setting, returning a ranked

set rather than a single attribution.

We further introduce XAI-Fb15k-237, a human-curated evaluation dataset of 86 interpretable triples from

Fb15k-237, designed to support user-study benchmarking of KGE explainability methods. ExamplE generates

explanations in ∼5 seconds per triple, compared to ∼6 minutes for GradientRollback (Fb15k-237), with no special

training mode or prohibitive memory overhead. Code, XAI-Fb15k-237 are provided as supplemental material.
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1. Introduction

Knowledge graph embedding (KGE) models enable powerful link prediction but are fundamentally

opaque: a prediction score emerges from learned embedding geometry with no direct pointer back

to the training triples that shaped it [1]. This opacity is no longer merely a technical inconvenience;

Article 13 of the EU AI Act mandates transparency and instructions for use for high-risk AI systems,

and KGE models are actively deployed in biomedical applications such as drug discovery and disease

association [2] that may fall within its scope should such a system be classified as high-risk under

Annex III. Following Regulation (EU) 2026/1744, these obligations apply to Annex III high-risk systems

from 2 December 2027 [3]. Non-compliance with Chapter III obligations such as Article 13 is subject to

fines of up to e15 million or 3% of global annual turnover.

We propose ExamplE, a post-hoc explanation method for KGE link predictions grounded in case-

based reasoning [4], model-agnostic in principle. Given a predicted link, ExamplE retrieves the nearest

neighbours of the target triple’s subject and object embeddings, filters for pairs that co-occur in the

training graph under the same (or similar) predicate, and ranks them by combined embedding distance.
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Figure 1: To support prediction of the target statement we identify influential examples by probing the knowledge
base constrained w.r.t. the latent-space. This example is drawn from the Fb15k-237 dataset (illustrative). Predicted
plausibility score was 99%, and two most influential examples were retrieved as an explanation with the following
ranks: 1st: 𝑁𝑎𝑢𝑠𝑒𝑎 −→ 𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑂𝑓 −→ 𝐶ℎ𝑟𝑜𝑛𝑖𝑐𝐾𝑖𝑑𝑛𝑒𝑦𝐷𝑖𝑠𝑒𝑎𝑠𝑒, 2nd: 𝐹𝑎𝑡𝑖𝑔𝑢𝑒 −→ 𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑂𝑓 −→ 𝐻𝐵𝑉

The result is a ranked set of influential examples: real training triples that the model most likely learned

the prediction from (Figure 1).

Explainability for KGE models faces three specific challenges. First, standard benchmarks (Fb15k-

237, WN18RR) use encoded identifiers stripped of rdfs:label annotations during export, making

explanations unreadable without label recovery. Second, there are no shared evaluation datasets or

protocols for explainability, preventing fair comparison across methods. Third, KGE scores are not

calibrated probabilities, complicating interpretation [5].

A pattern we observe across our evaluation, which we term relational redundancy, is that predicted

plausibility scores tend to recover after individual training triples are removed and the model is retrained.

We read this as consistent with the model being able to reconstruct support for a prediction from same-

predicate triples elsewhere in the graph, rather than depending on any one triple in particular.

Contributions:

• ExamplE, a CBR heuristic that produces an Explanation Graph for KGE predictions: a ranked set

of influential training examples, an aggregated prototype neighbourhood, and the target triple

itself, all expressed as a graph compatible with the original. Requires no special training mode;

runs in ∼5 s per triple (FB15k-237/TransE).

• XAI-FB15k-237, a human-curated evaluation dataset of 86 interpretable triples for benchmarking

KGE explainability methods, released alongside a Freebase MID-to-label mapping recovered

during construction, usable independently to support explanation work on FB15k-237.

• rev-ROAR, a complement to the ROAR evaluation protocol for KGE explainability that tests

whether identified examples are sufficient (rather than necessary) to sustain a prediction. Together

with ROAR, it surfaces empirical patterns we read as relational redundancy in KGE training graphs.

• Open-source implementation of ExamplE as an extendable explanation module integrated into a

popular graph ML library, alongside XAI-Fb15k-237.

2. Background and Related Work

2.1. Knowledge Graph Embedding Models

KGE models represent entities and relations as dense vectors, learned by optimising a scoring function

over observed triples [6, 7, 8]. Representative models include TransE [6] (translation-based), DistMult [7]

and ComplEx [8] (bilinear), and ConvE [9] (convolutional). Despite strong link-prediction performance,



their scoring functions provide no provenance link to individual training triples, motivating post-hoc

explanation methods [1].

2.2. Post-Hoc Explanation by Example

A recognised approach to post-hoc interpretability pairs an opaque model with a case-based reasoning

(CBR) system over the same training data, so-called ANN-CBR twin-systems [10]: the predictive model

is left unmodified, while the CBR system adds interpretability by retrieving similar training instances

as explanatory evidence. Keane and Kenny [10] argue that grounding explanations in training cases

(rather than synthetic perturbations or feature attributions) parallels reasoning-from-precedent as

practised by human experts. A latent-space retrieval variant, introduced by Caruana et al. [11] for MLP

explanation in a clinical domain, retrieves cases by distance in the network’s learned representation, so

retrieval is driven by what the model has learned rather than raw input features. ExamplE adapts this

to the KGE setting, using embedding distance as the retrieval signal without modifying trained model

at explanation time.

2.3. Explainability Methods for KGE Models

Existing post-hoc methods for KGE explanation pursue alternatives to latent-space retrieval. Exhaustive

leave-one-out retraining (removing each candidate triple and measuring the change in target prediction

score) is impractical at scale due to its 𝑂(|𝒯 |) retraining cost per explained triple, where |𝒯 | denotes

the number of training triples. To our knowledge, existing methods instead reduce this cost via gradient

attribution, surrogate modelling, or influence estimation.

Gradient-based. GradientRollback (GR) [12] stores per-triple gradient updates during a non-

standard training mode and subtracts them at explanation time, requiring both a specialised training

procedure and gradient access. ExplaiNE [13] computes the gradient of link probability with respect

to the adjacency matrix and requires gradient access, and has been evaluated on social-network rather

than knowledge-graph benchmarks.

Surrogate-based. KGEx [14] fits local surrogate KGE models on sampled subgraphs via knowledge

distillation, requiring 50–200 Monte Carlo runs per target triple.

Influence-based. Kelpie [15] and its extension [16] estimate triple impact by post-hoc retraining on

modified triple set.

The methods surveyed above estimate triple influence through model modification, surrogate fitting,

or gradient signals over the trained KGE. ExamplE differs from these methods by adopting the latent-

space twin-system variant discussed in Section 2.2 to identify candidate training triples, then filtering

by predicate and ranking by combined distance. The trained model is left unchanged at explanation

time, and each returned example is an observed triple from the training graph.

2.4. Evaluation of KGE Explanations

Evaluating explanations for KGE link prediction is itself an open problem and motivates the dataset

contributed in Section 4. LP-DIXIT [17] provides an automated protocol using an LLM to measure

forward simulatability variation, whether supplying an explanation improves the LLM’s ability to

reproduce the KGE’s prediction. User-study evaluation requires triples whose entities and relations

are interpretable to readers, which standard benchmarks such as FB15k-237 do not directly meet: they

expose raw identifiers without human-readable labels. Prior work has used ad-hoc label collection [15];

to our knowledge, no shared human-readable resource has been released for this purpose.

2.5. Adjacent Work

GNN explainers [18, 19] target a different model class; adversarial-robustness work [20, 21, 22] identifies

influential triples for attack analysis, not explanation.



Algorithm 1 ExamplE: explanation graph construction

Input: model 𝑀 , target 𝑡=(𝑠, 𝑝, 𝑜), graph 𝒢=(ℰ ,ℛ, 𝒯 ), params 𝑚,𝑛, 𝜎
Output: explanation graph 𝐸𝐺

1: 𝑆𝑚 ← argmin𝑚𝑠𝑖∈ℰ∖{𝑠} dist(𝑓(𝑠), 𝑓(𝑠𝑖))

2: 𝑂𝑚 ← argmin𝑚𝑜𝑗∈ℰ∖{𝑜} dist(𝑓(𝑜), 𝑓(𝑜𝑗))

3: 𝑒𝐺𝑡 ← {(𝑠𝑖, 𝑝, 𝑜𝑗) ∈ 𝒯 : 𝑠𝑖 ∈ 𝑆𝑚, 𝑜𝑗 ∈ 𝑂𝑚}, sorted by 𝑑𝑆,𝑖 + 𝑑𝑂,𝑗

4: 𝑝𝐺𝑡 ←
⋂︀

𝑡𝑖∈𝑒𝐺𝑡
𝑁(𝑡𝑖, 𝑛) ∩𝑁(𝑡, 𝑛) (strict) or

⋃︀
𝑡𝑖∈𝑒𝐺𝑡

𝑁(𝑡𝑖, 𝑛) ∩𝑁(𝑡, 𝑛) (permissive)

5: return 𝐸𝐺← 𝑝𝐺𝑡 ∪ 𝑒𝐺𝑡 ∪ {𝑡}

3. The ExamplE Method

ExamplE is an instance of the ANN-CBR twin-system pattern (Section 2.2), with the trained KGE as the

ANN component and a latent-space retrieval routine as the CBR component. The trained model is left

unmodified at explanation time; retrieval is driven by distance in the model’s learned entity-embedding

space, following the Caruana et al. [11] variant adapted to relational data.

Intuition ExamplE is a post-hoc, local explanation method: given a predicted link 𝑡(𝑠,𝑝,𝑜) and a trained

KGE model, it asks which training triples most plausibly shaped the model’s belief that 𝑡(𝑠,𝑝,𝑜) is true.

KGE training updates entity embeddings at the triple level, creating a ripple effect: entities appearing in

similar relational contexts end up close in latent space. ExamplE exploits this by finding training triples

whose subjects and objects are nearest neighbours of 𝑠 and 𝑜 in embedding space, filtered to retain

only triples with the same predicate 𝑝: these are the influential examples. The predicate filter grounds

the explanation in the same relational context as the target and can be relaxed to retrieve examples

from the broader graph neighbourhood when similar predicates are of interest. No model retraining or

gradient access is required.

Notation Let 𝒢 = (ℰ ,ℛ, 𝒯 ) be a knowledge graph with entity set ℰ , relation set ℛ, and triple

set 𝒯 . A triple 𝑡(𝑠,𝑝,𝑜) ∈ 𝒯 is a directed edge from subject 𝑠 to object 𝑜 via predicate 𝑝. The 𝑛-hop

neighbourhood of a triple is defined recursively:

𝑁(𝑡(𝑠,𝑝,𝑜), 𝑛) = 𝑁(𝑡, 𝑛−1) ∪ {(𝑠′, 𝑝′, 𝑜′) ∈ 𝒢 | 𝑠′, 𝑜′ ∈ 𝑆′ ∪𝑂′} (1)

where 𝑆′ = {𝑠 : (𝑠, 𝑝, 𝑜) ∈ 𝑁(𝑡, 𝑛−1)}, 𝑂′ = {𝑜 : (𝑠, 𝑝, 𝑜) ∈ 𝑁(𝑡, 𝑛−1)}, and 𝑁(𝑡, 1) = 𝑁(𝑠, 1) ∪
𝑁(𝑜, 1) ∖ {𝑡}.

Algorithm The algorithm proceeds in four steps. Let 𝑓(·) denote the model’s entity embedding

function and 𝑑𝑖𝑠𝑡(·, ·) a distance measure (e.g. cosine). Pseudo-algorithm available in 3.

Prerequisites. ExamplE requires a calibrated model, one whose scores have been post-processed to

lie in [0, 1] and approximate probabilities. We follow [5], applying isotonic regression on the validation

set.

Formal definitions. Let 𝑆𝑚 ⊆ ℰ ∖ {𝑠} be the 𝑚 entities with smallest 𝑑𝑆,𝑖 = dist(𝑓(𝑠), 𝑓(𝑠𝑖)), and

analogously 𝑂𝑚 ⊆ ℰ ∖ {𝑜} with 𝑑𝑂,𝑗 = dist(𝑓(𝑜), 𝑓(𝑜𝑗)). The filtered example set is:

𝑒𝐺𝑡 = {(𝑠𝑖, 𝑝, 𝑜𝑗) : (𝑠𝑖, 𝑝, 𝑜𝑗) ∈ 𝒯 , 𝑠𝑖 ∈ 𝑆𝑚, 𝑜𝑗 ∈ 𝑂𝑚} (2)

ranked ascending by score(𝑠𝑖, 𝑜𝑗) = 𝑑𝑆,𝑖 + 𝑑𝑂,𝑗 . The strict and permissive prototype graphs are given

by Equations 3 and 4:

𝑝𝐺strict

𝑡 =
⋂︁
𝑖

𝑁(𝑡𝑖, 𝑛) ∩𝑁(𝑡, 𝑛) (3)



𝑝𝐺
perm

𝑡 =
⋃︁
𝑖

𝑁(𝑡𝑖, 𝑛) ∩𝑁(𝑡, 𝑛) (4)

The final Explanation Graph assembles all components: 𝐸𝐺 = 𝑝𝐺𝑡 ∪ 𝑒𝐺𝑡 ∪ {𝑡}. Figure 2 illustrates

the structure of an Explanation Graph; a diagram of the algorithm is also provided in Appendix 11.

Figure 2: Example Explanation Graph produced by ExamplE. Red: target triple. Blue: influential example triples
(𝑒𝐺𝑡, ranked by latent-space distance). Grey: prototype neighbourhood (𝑝𝐺𝑡). The structure links the prediction
back to supporting evidence in the training graph.

Batch mode. For efficiency, the nearest-neighbour index over ℰ is built once (KD-Tree: 𝑂(𝑘·𝑒· log 𝑒)
time, 𝑂(𝑘·𝑒) space) and shared across all target triples. This gives the ∼5 s per-triple throughput

reported in Section 6 for FB15k-237; full complexity analysis is in the Appendix.

4. XAI-Fb15k-237: A Human-Curated Evaluation Dataset

Standard KGE benchmark datasets (Fb15k-237, WN18RR) use encoded identifiers stripped of

rdfs:label annotations during export, making human evaluation of explanations impractical without

label recovery. Each published XAI method follows a different evaluation protocol, preventing fair

comparison [23]. Full evaluation of the Fb15k-237 test set is infeasible at scale: assessing 100 triples for

readability takes ≈10 minutes per annotator, implying ∼34 annotator-hours for a single pass over the

full set.

Desiderata. An explainability evaluation dataset should be: (1) human-readable to a non-expert;

(2) cognitively manageable in size; (3) predicate-diverse; (4) free of self-relations and duplicates; (5) de-

rived from an established benchmark to leverage known model performance; (6) publicly available.

Sub-setting an existing benchmark preserves comparability with published results but inherits the

original dataset’s biases and provenance limitations.

Construction. The construction protocol is shown in Figure 3. Freebase MIDs in the Fb15k-237 test

set were mapped to human-readable labels via three complementary sources: the Freebase Browser [24],

the QLever Wikidata endpoint [25], and the QLever Freebase endpoint [26]. Triples with unresolvable

or ambiguous labels were excluded sequentially, yielding 19,884 triples across 184 predicates. Four

KGE models (TransE, DistMult, ComplEx, HolE) were evaluated on this pool; mean subject and object

ranks were computed per triple across models, and the three highest-ranked triples per predicate were

retained, producing 273 candidates across 91 predicates.



Annotation. Two annotators not involved in dataset construction rated each of the 91 candidate

predicate types for human readability (0 = not clearly understandable; 1 = clearly understandable). Raw

agreement was 97.8 %; Krippendorff’s 𝛼 = 0.740 and Cohen’s 𝜅 = 0.739 [27, 28], indicating substantial

agreement under conventional thresholds [29]. The high positive rate (≈96%) is expected given the

rank-based selection; the two chance-corrected metrics are consistent and mutually confirming. The

published dataset includes a per-predicate readability flag for annotations, allowing users to filter to the

most unambiguously interpretable subset from the study or use all preselected triples.

Statistics. XAI-Fb15k-237 contains 86 test triples spanning 86 distinct relation types. We prioritise

predicate-level diversity over within-predicate examples to control annotator cognitive load and to

maximise relational coverage at fixed evaluation budget. It includes annotated triples with per-predicate

readability flags and mapper.json, a Freebase MID-to-label mapping recovered during construction.

A similar protocol could be applied to other benchmarks with interpretable entities, e.g. CoDEx [30].

5. Experimental Setup

Datasets. We use Fb15k-237 and WN18RR for quantitative evaluation with in-depth analysis for

TransE. Models are TransE and ComplEx, trained with open-source KGE library (AmpliGraph) on

TensorFlow 2.10 on an Intel Xeon Gold 6142, 64 GB RAM, Tesla V100 16 GB (Ubuntu 18.04). All models

use Adam (𝑙𝑟=0.0001), multiclass-NLL loss, L2 regulariser (𝜆=0.0001), early stopping up to 4000

epochs, seed = 0; TransE hyperparameters: WN18RR 𝑘=350, 𝜂=30; Fb15k-237 𝑘=400, 𝜂=30. Models

are calibrated post-training via isotonic regression on the validation set [5]. Link-prediction performance

for the trained models is reported in Table 4 (Appendix).

Hypotheses.

H1 After retraining with the explanation removed, predicted probabilities remain highly correlated

with the originals (slope < 1, originals are higher).

H2 Removing more explanation triples yields a larger probability drop.

H3 The retrained model scores the target triple as less plausible than the original model.

Baselines. Random-Predicate (RP): draw 𝑛 triples uniformly at random from all triples sharing

predicate 𝑝 with the target: 𝐸 = {(𝑒𝑖, 𝑝, 𝑒𝑗) ∈ 𝒢}, sample 𝑏1, . . . , 𝑏𝑛 ∼ Uniform(𝐸). RP is the demand-

ing choice of baseline: it restricts competitors to the same-predicate pool from which ExamplE selects, so

any margin reflects the latent-space ranking rather than predicate filtering alone. A weaker alternative

would be Random-Neighbourhood, drawing from the 1-hop neighbourhood 𝑁(𝑡, 1) irrespective of

predicate; we report against RP throughout.

Metric. Probability Difference (PD%), measuring the relative change in predicted plausibility upon

retraining: 𝑃𝐷 = (𝑀(𝑡)−𝑀 ′(𝑡))
𝑀(𝑡) ×100, where 𝑀(𝑡) is the original model score and 𝑀 ′(𝑡) is the retrained

model score. Positive PD means the explanation reduced plausibility as intended.

Evaluation protocols. ROAR [31]: remove explanation triples from training and retrain. Two

variants: ROAR-1 (remove top-1 example) and ROAR-all (remove full explanation set). rev-ROAR
(introduced here): remove all same-predicate triples except the explanation, then retrain. Where ROAR

asks whether the explanation triples were necessary to the prediction, rev-ROAR asks whether they

are sufficient to sustain it; the two are complementary and, in redundancy-rich settings (Section 6),

rev-ROAR carries more signal. Two variants: rev-ROAR-1 and rev-ROAR-all. Each setup requires

training 5 models per dataset per target triple per KGE architecture; predictions are extracted at every

10th epoch to capture temporal dynamics.



FB15K-237 test set
20,466 triples 224 predicates

MID → human-readable label recovery
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(by Freebase ID)

QLever Freebase

excl. triples with no
human-readable label

20,366 triples 224 predicates

excl. triples with ambigu-
ous or duplicate entities

20,124 triples 224 predicates

excl. triples with no
human-readable predicate

19,884 triples 184 predicates

Rank-based filtering & stratified sampling
TransE, DistMult, ComplEx,

HolE trained on FB15K-237

mean / std object rank & subject rank per triple

3-per-stratum sample by predicate type

Candidate set
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𝜅 = 0.739
𝛼 = 0.740

97.8 % agreement
substantial [29]

XAI-Fb15k-237
86 triples, one per predicate

readability flag per pred-

icate · mapper.json
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Figure 3: Construction protocol for XAI-Fb15k-237. Phase 1: Freebase MIDs are mapped to human-readable
labels via three complementary sources; triples with unresolvable labels, ambiguous entities, or unresolvable
predicates are excluded sequentially. Phase 2: Four KGE models are trained on FB15K-237; triples are rank-
filtered and sampled at three per predicate type. Phase 3: Two annotators not involved in the dataset construction
assess predicate-level readability; Cohen’s 𝜅 = 0.739, Krippendorff’s 𝛼 = 0.740 (substantial agreement [29]).
The published dataset includes a per-predicate readability flag and mapper.json.

6. Results

Link-Prediction Baseline We report link-prediction performance to establish the quality of the

models used in the explainability evaluation; we make no claim of competitiveness with published



results. For TransE on FB15k-237: H@1 = 0.20, MRR = 0.30. For TransE on WN18RR: H@1 = 0.05,

MRR = 0.22. For ComplEx on FB15k-237: H@1 = 0.21, MRR = 0.31. The low H@1 for TransE on WN18RR

reflects TransE’s known difficulty with symmetric and antisymmetric relations, prevalent in WN18RR;

the MRR of 0.22 indicates discriminative ability sufficient for the ROAR protocol. ROAR and rev-ROAR

measure the influence of training triples on prediction scores for all evaluated triples, regardless of

whether the target triple is correctly ranked first; ExamplE generates explanations for any prediction

the model makes. Full results and hyperparameters are in the Appendix Table 4.

epoch avg PD rev-ROAR [%] ↓ ROAR [%] ↑
1 all 1 all

10 ours -0.507 69.694 63.971 0.106 5.717
rand. -0.478 73.757 62.186 0.013 14.647

20 ours -0.066 25.457 23.819 -0.0 -0.009
rand. 0.007 27.968 21.456 0.001 -0.011

30 ours -0.181 10.911 8.27 -0.003 0.013
rand. -0.348 11.117 8.388 -0.001 -0.073

40 ours 0.009 5.312 4.735 0.0 0.034
rand. 0.096 5.435 4.154 0.002 0.048

50 ours -0.049 2.707 2.227 0.03 0.036
rand. 0.021 2.863 2.196 0.031 0.022

60 ours -0.112 1.635 1.456 -0.002 -0.016
rand. -0.057 1.718 1.332 -0.001 -0.007

70 ours -0.135 0.894 0.786 -0.0 -0.011
rand. -0.072 0.94 0.721 -0.0 -0.015

80 ours 0.053 0.574 0.496 -0.001 -0.001
rand. 0.002 0.599 0.456 -0.001 -0.038

90 ours -0.153 0.384 0.325 -0.0 0.028
rand. -0.421 0.402 0.303 -0.0 -0.0

100 ours -0.153 0.23 0.203 -0.007 -0.01
rand. -0.03 0.244 0.176 -0.007 -0.005

Table 1
TransE on FB15k-237. PD% across training epochs.
↓ = lower is better; ↑ = higher is better.
Bold = best per cell.

epoch avg PD rev-ROAR [%] ↓ ROAR [%] ↑
1 all 1 all

10 ours 0.0 13.515 15.018 1.118 1.696
rand. -0.004 - - 0.089 -0.306

20 ours -0.004 26.975 29.598 0.008 3.5
rand. -0.027 - 25.585 -0.021 -0.058

30 ours 0.018 34.791 37.518 0.031 1.198
rand. 0.005 34.384 - -0.046 0.035

40 ours -0.004 38.778 42.265 0.048 0.041
rand. 0.02 - - 0.021 0.036

50 ours 0.006 40.661 44.588 0.038 0.095
rand. 0.025 42.159 41.134 -0.01 0.004

60 ours 0.015 42.071 45.949 0.054 0.018
rand. 0.042 43.586 42.388 0.011 0.028

70 ours -0.032 43.149 46.509 0.071 0.021
rand. -0.309 44.506 - 0.005 -0.002

80 ours -0.017 42.835 46.048 0.025 0.017
rand. -0.252 44.057 - 0.001 -0.02

90 ours 0.047 42.512 45.655 0.01 0.012
rand. 0.058 43.58 - 0.011 0.013

100 ours -0.008 41.778 44.503 0.023 0.002
rand. 0.01 42.673 41.57 0.021 0.014

Table 2
TransE on WN18RR. PD% across training epochs.
Conventions as in Table 1.
“—” = random baseline found no valid same-predicate triple.

Quantitative Evaluation: TransE on FB15k-237 and WN18RR. Tables 1 and 2 report per-epoch

probability difference (PD%) for ExamplE and the Random-Predicate baseline (RP) on TransE with

FB15k-237 and WN18RR. In rev-ROAR, the training set is reduced to only the identified explanation

and the model is retrained from scratch: lower PD% is better, indicating the explanation is sufficient to

sustain the prediction. In ROAR, the explanation is removed and the model is retrained: higher PD%
is better, indicating the removed example carried influence. Each condition is evaluated at the top-1

example (1) and at the full returned set (all). Predictions are extracted every 10 epochs through to epoch

100 to capture training dynamics, with each checkpoint reported in Tables 1 and 2. The cost of the

ROAR/rev-ROAR retraining loop (five models per target triple per condition per architecture) made

denser sampling infeasible. We organise observations by metric column.

Average PD. Across both datasets, average-PD values fall within a narrow range around zero

([−0.5, 0.1] on FB15k-237, [−0.31, 0.06] on WN18RR), with no consistent sign or ordering between

methods. We do not draw conclusions from this column; the magnitudes lie within per-triple variation

across the test set.

rev-ROAR-1 (lower is better). ExamplE produces lower PD% than RP at every reported epoch on both

datasets, wherever RP returns a valid value. This is the most consistent separation in the tables. PD%

trajectories differ: FB15k-237 contracts monotonically from 70% at epoch 10 to below 1% by epoch 70;

WN18RR grows from 13% to 42% by epoch 70. RP is undefined in several early-epoch WN18RR rows

due to the dataset’s small predicate set.

rev-ROAR-all (lower is better). The pattern inverts. RP achieves lower PD% than ExamplE at most



(a) rev-ROAR-1 (lower is better), ExamplE shows

higher impact consistently.

(b) ROAR-1 (higher is better), ExamplE inconsistent

beyond epoch 10.

Figure 4: Per-triple PD% for ExamplE vs RP, TransE on FB15k-237, checked every 10 epochs for 100 epochs.

epochs on both datasets, with margins typically within 1–3 percentage points. ExamplE’s selection

criterion does not transfer from the top-1 case to the full-set case in this condition.

ROAR-1 (higher is better). The two datasets diverge. On FB15k-237, ExamplE separates from RP at

epoch 10 (0.106 vs 0.013, an order-of-magnitude difference), but from epoch 20 onward both methods

report values within [−0.01, 0.03] with no consistent ordering. On WN18RR, ExamplE remains positive

and above RP at almost every reported epoch through 100, with the largest separation at epoch 10

(1.118 vs 0.089).

ROAR-all (higher is better). The two datasets diverge more sharply. On FB15k-237 at epoch 10, RP

exceeds ExamplE substantially (14.647 vs 5.717), and from epoch 20 onward both methods are within

[−0.07, 0.05] and indistinguishable from noise. On WN18RR, ExamplE exceeds RP at every reported

epoch from 10 through 80.

Per-Triple Visual Comparison Figure 4 shows per-triple PD% for ExamplE versus RP across epochs

on FB15k-237. In the rev-ROAR-1 condition (left), ExamplE points cluster below the baseline; in ROAR-1

(right), they are inconsistent with large difference in favor of ExamplE at epoch 10. The remaining

conditions are in the Appendix 8.

(a) TransE on FB15k-237 (rev-ROAR). (b) TransE on WN18RR (ROAR).

Figure 5: Snapshot at epoch 10: Pearson correlation between original and post-retraining plausibility scores
across triples. Correlation saturates at 1 above epoch 20.



Hypothesis Evaluation H1 (calibration preservation): supported. Pearson correlation between

original and post-retraining scores reaches 1 above epoch 20 in all settings (Figure 5); slope below 1

throughout. H2 (size–impact monotonicity): supported. Removing the full explanation set produces

larger PD% than removing only the top-1 example in the ROAR condition across both datasets and all

epochs where the signal is detectable.

H3 (ExamplE examples carry predictive influence): supported in single-triple conditions on both

datasets and in WN18RR ROAR-all through epoch 80; not supported in rev-ROAR-all on either dataset or

in FB15k-237 ROAR-all at epoch 10 (RP 14.647% vs ExamplE 5.717%). Findings suggest that rev-ROAR-all

in high-redundancy settings is sensitive to the breadth of the perturbation set, not only to per-triple

targeting. The top-1/full-set asymmetry is discussed below.

Relational Redundancy and Recoverability Across both datasets, post-retraining plausibility

scores recover toward original values as training progresses (Figure 6). We read this as a property of

how the model relates to the data: a KGE model encodes regularities spanning multiple triples, several

of which can independently support the same prediction. We refer to this property as relational
redundancy. Two patterns support the reading. First, the asymmetry between top-1 and full-set

conditions: ExamplE separates from RP at the single-triple level on both datasets but not at the set

level, consistent with ranked-by-distance selection helping when one triple is chosen and offering little

advantage when many are. Second, the dataset contrast: signal compresses faster on FB15k-237 (denser,

more relations) than on WN18RR (sparser, 11 predicates) and also on a stronger model (ComplEx), and

the ROAR-all FB15k-237 anomaly fits this frame. The reading is consistent with the data but inferential;

we have not measured redundant-triple counts directly.

(a) TransE / FB15k-237. (b) TransE / WN18RR. (c) ComplEx / FB15k-237.

Figure 6: Target-triple plausibility across epochs under ROAR and rev-ROAR for representative single triples. On
FB15k-237 (left, right) scores recover with training; on WN18RR (centre) the gap widens. Aggregate behaviour is
in Tables 1,2.

Dataset Total [s] /triple [s]

FB15k-237 104,069 5.09

CoDEx-M 60,364 5.85

WN18RR 36,049 12.33

Table 3: ExamplE explanation generation time,

TransE. ComplEx times are approxi-

mately double (∼9.6 s/triple on FB15k-

237; ∼13.1 s/triple on WN18RR).

Qualitative Examples Figure 7 shows Exam-

plE outputs for two target triples: Artie Lange
influenced_by−−−−−−−→ Jackie Gleason (FB15k-237, within

the quantitative evaluation scope) and Billy Idol
languages_spoken−−−−−−−−−→ English (CoDEx-M, run for efficiency

evaluation only; included for its interpretable

labels). The full numeric explanations are in the

Appendix. Two examples do not constitute a

systematic assessment of explanation quality; a

broader evaluation requires a user study, for which XAI-Fb15k-237 was designed.

Efficiency Comparison ExamplE generates an explanation in ∼5 s per triple on FB15k-237 (Table 3).

Reported and measured per-triple times for prior methods on FB15k-237 are∼32 s for Kelpie’s necessary-



Examples Plane solid edges = influenced_by

George Carlin

Conan O’Brien

Bill Maher

Danny Kaye

Steve Allen

𝛾=0.172

𝛾=0.195

𝛾=0.245

𝛾=0.255

Target Triple Neighbourhood Plane

𝑝𝐺𝑡

𝑝𝐺𝑡

Artie Lange Jackie Gleason

influenced_by (TT)

Target triple Subject resemblance Object resemblance influenced_by thickness 1/𝛾

Examples Plane

Johnny Marr

Chester Bennington

Morrissey

Robert Plant

(off-target predicate)

Oleg Skripka French

𝛾=9.1×10−4

Target Triple Neighbourhood Plane

𝑝𝐺𝑡

𝑝𝐺𝑡

Billy Idol English

languages_spoken (TT)

𝛾=7.5×10−4

𝛾=7.6×10−4
𝛾=7.7×10−4 𝛾=8.0×10−4

Target triple Subject resemblance Object resemblance languages_spoken thickness ∝ 1/𝛾

Figure 7: ExamplE explanation graphs (dashed red = target triple). Violet/teal dashed arcs link similar sub-
jects/objects across planes; solid navy edges in the Examples Plane are the original graph’s relation. Edge
thickness 1/𝛾.

explanation mode [15] (measured locally on a 100-triple sample from the article), ∼1 min 45 s for

KGEx [14] (measured locally on a 20-triple sample using a private implementation provided by the

authors), and∼6 min for GradientRollback [12] (as reported). These figures span different hardware and

configurations and are indicative rather than controlled. Memory overhead for ExamplE is 𝑂(𝑘 · |ℰ|),
≈22 MB for TransE on FB15k-237 (𝑘=400). GradientRollback’s influence matrix requires |𝒯 | × 3𝑘
additional parameters at training time; at 𝑘=100 on FB15k-237 this exceeds 2.4 GB (over 100× the

training set’s 22.6 MB), derived analytically from the published method design [12] and corroborated by

a small local run with reduced parameters (Figure 8). Full-scale runs were infeasible in our setup. We

compare on efficiency only; relative explanation quality across methods is not assessed here.

Figure 8: GradientRollback memory footprint vs. embedding dimension 𝑘 on FB15k-237, derived analytically
from [12]. At 𝑘=100, the influence matrix exceeds 2.4 GB; ExamplE uses ∼22 MB at 𝑘=400.

7. Discussion

Summary. The pre-specified hypotheses are supported in the conditions where the evaluation

has signal: ExamplE examples carry predictive influence at the single-triple level (H3, with caveats

discussed in Section 6), the effect is monotone in explanation size in ROAR (H2), and post-retraining

scores correlate with originals at 𝑟=1 above epoch 20 (H1). The dataset contrast (FB15k-237 signal

compresses by epoch 70, WN18RR persists) is consistent with relational redundancy varying with graph

density and motivates ExamplE’s set-based output.

Limitations. ExamplE is a heuristic without a faithfulness guarantee; we cannot certify optimality of

the returned set. XAI-Fb15k-237 was curated for user studies but no study with external annotators

has been conducted. The empirical comparison with prior work is limited and bounded to efficiency:

GradientRollback was run locally, but its training-time memory overhead made full-scale experiments

at our embedding sizes infeasible; KGEx has no public implementation, and our measurement is limited

to a small-sample local run using a private implementation provided by the authors; Kelpie was run on

a 100-triple sample of FB15k-237 in necessary-explanation mode. Hardware and configurations differ

across methods, so the timing comparison is indicative rather than controlled, and explanation quality



is not assessed. The methods also produce different explanation types (counterfactual perturbation sets

for Kelpie, similarity-based ranked examples for ExamplE), so efficiency comparison should be read

with that distinction in mind.

Scope of explanation. ExamplE describes how the model arrives at its scores by proximity in em-

bedding space, not the real-world mechanism by which the fact comes to hold. KGE models represent

regularities through geometric proximity rather than variables supporting interventions or counter-

factuals [32]; a post-hoc explanation importing causal vocabulary would not be faithful to what the

model computes [33, 34]. Example-based explanations suit similarity-driven predictions [35]; where

causal accounts are required, the limitation lies in the model class, and architectures combining learned

representations with explicit symbolic structure [36] may be more appropriate.

Future work. The most direct next step is a user-study comparison of explanation quality across

methods on XAI-FB15k-237, alongside evaluation of the prototype aggregation step (Section 3). A

complementary direction is establishing faithfulness guarantees for the returned set, since the present

method is a heuristic. Applying ExamplE to GNN-based models is a further extension, as is testing the

ranked examples as few-shot prompts on KG-grounded QA, with relevance to retrieval-augmented

generation and grounding LLM reasoning in knowledge graph databases.

8. Conclusion

We presented ExamplE, a case-based heuristic that explains KGE link predictions by retrieving training

examples from the latent-space neighbourhood of the target triple. The method requires no special

training mode and, in our experiments, generated explanations in∼5 s per triple on FB15k-237; Gradien-

tRollback reports∼6 min under a different setup, a difference indicative rather than directly comparable.

The ROAR and rev-ROAR evaluation supports a relational-redundancy reading of post-retraining

recoverability, which in turn motivates the set-based output of the method. We release XAI-Fb15k-

237, a curated set of 86 interpretable triples for user-study evaluation, alongside the open-source

implementation.

The design is intentionally simple, which enables ExamplE to attach to deployed KGE pipelines

without retraining or architectural change. As emerging transparency requirements (e.g., Article 13 of

the EU AI Act [37]) create pressure on production systems, this positions ExamplE as a lightweight

way to support such transparency obligations for already-deployed models in the knowledge graph

infrastructure. Explanation alone, however, does not establish regulatory compliance: Article 13

compliance also depends on documentation, instructions for use, and the broader risk-management and

quality-management obligations of Chapter III, which fall outside the scope of this work.
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Supplemental Material Statement

Code, dataset, and experimental outputs supporting this paper are provided as supplemental material

under this link: https://tinyurl.com/4m2bnf3r. The archive is organised into four top-level folders:

• kge-xai-ampligraph-main/ contains an open-source KGE library AmpliGraph extended

with a case-based explanation module. The explanation package is located at ampli-
graph/explanations/ and provides an abstract explainer interface (abstract_ex-
plainer.py), the ExamplE method (example.py), and a random-baseline explainer (random_-
explainer.py), alongside utility code for graph navigation and explanation visualisation. The

host library provides KGE model implementations (TransE, ComplEx, DistMult, HolE, ConvE),

calibration, evaluation, and dataset loaders. Installation instructions, licence, unit tests, and a tuto-

rial notebook (notebooks/AmpliGraph-Tutorials/Explanations 1 - Example-based
Explanations.ipynb) are included.

• kge-xai-ampligraph-main-py312/ contains the same AmpliGraph explanation library up-

graded to Python 3.12 / TensorFlow 2.16+ (Keras 3). This version is provided for forward compati-

bility; the experimental results in the paper were produced with kge-xai-ampligraph-main/.

• ExamplE-experiments/ contains the experiment scripts used to produce the results

in Section 6 and the Appendix: explanation generation (get_explanations.py), the

ROAR/rev-ROAR retraining loop (retraining_experiment.py, run_experiment.py), ef-

ficiency measurement (training_time_experiment.py), probability-difference aggrega-

tion (check_proba_differences_of_experiments.py, measure_diff.py), and plotting

(Plots-ExamplE.ipynb, Training time-probability experiment ExamplE.ipynb).

The User-Study/ subfolder contains the inter-annotator agreement script (iaa.py), the rating

spreadsheet (user-eval.xlsx), and the agreement report (iaa-report.txt) underlying the

Krippendorff’s 𝛼 and Cohen’s 𝜅 values reported in Section 4.

• fb15k-237/ contains the XAI-Fb15k-237 dataset contributed by this paper. triples_-
agreed.csv provides the 91 curated test triples; interpretable_triples.csv contains

the subset of 86 on which both annotators agreed; mapper.json provides the Freebase-MID-to-

label mapping recovered during construction; test_human.txt and test_human_ids.txt
provide human-readable and identifier-form versions of the test split. The folder also includes

the original Fb15k-237 train/valid/test splits for convenience and the original dataset licence

document (Microsoft Research).

A README at the library root provides installation instructions.
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Appendix

Figure 9: Probability differences between ExamplE and random baseline, TransE trained on Fb15k-237.

Approach TransE ComplEx DistMult ConvE
H@1 MRR H@1 MRR H@1 MRR H@1 MRR

Fb15k-237 0.20 0.30 0.21 0.31 0.21 0.30 0.21 0.30

WN18RR 0.05 0.22 0.47 0.50 0.43 0.47 0.44 0.47

Table 4
MRR and Hits@1 on the Fb15k-237 and WN18RR benchmark datasets.

A. Computational Complexity Analysis

We have analyzed computational complexity of the ExamplE in the scenario of batch explanations.

ExamplE requires access to the training dataset so space complexity starts from 𝑂(𝑡). Given: 𝑒 - number

of entities (e.g.: 14,541 in Fb15k-237). 𝑘 - embedding vector dimension (e.g. k=400, TransE on Fb15k-237).

𝑚 - number of nearest neighbours considered (parameter of ExamplE default m=25). 𝑡 - number of

triples in the train set. 𝑥 - number of examples, as explanation 𝑥 << 𝑡. we can split computational

complexity into steps: 1) Sampling - this step is entirely dependent on the nearest neighbour algorithm

implementation, in the experiments we used implementation provided in sklearn, which by default

tries to adjust parameters for best efficiency. In the worst case scenario it uses a brute force approach

which complexity of the prediction time is 𝑂(𝑒× 𝑘 ×𝑚) with negligible complexity of initialization of

the algorithm and negligible space complexity too. In the best case scenario kNN algorithm tries to

adjust the inner data structure for optimized inference time with the cost of initialization and space e.g.

in the case of KD-Tree it is 𝑂(𝑘 × 𝑒× 𝑙𝑜𝑔(𝑒)) of extra initialization time and 𝑂(𝑘 × 𝑒) space with a

benefit of inference time being 𝑂(𝑚× 𝑙𝑜𝑔(𝑒)). ExamplE needs to find m nearest neighbours for both

subject and object entity (in the default case) in this step. 2) Filtering for example triples - in this step we

need to take a cartesian product of obtained sets of neighbours in step 1: which leaves us with 𝑂(𝑚2)
(default case, in full case it is 𝑂(𝑚3) if we are considering predicates embedding as well) and forces

us to filter examples according to the dataset. First we are mapping it into a tuples (𝑂(𝑡), where 𝑡 is a

number of train triples), than we utilize sets intersections implementation in Python with complexity

of 𝑂(𝑚𝑖𝑛(𝑡,𝑚2)). In the post-processing step we compute the score per each example obtained. The

computational complexity in batch explain is always dependent on the number of target triples to

obtain explanations for.



initialization
step time space
𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝐾𝐷−𝑇𝑟𝑒𝑒 𝑂(𝑘 × 𝑒× 𝑙𝑜𝑔(𝑒)) 𝑂(𝑘 × 𝑒)
𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝑏𝑟𝑢𝑡𝑒−𝑓𝑜𝑟𝑐𝑒 𝑂(1) 𝑂(1)

Table 5
Computational time and space complexity of initialization phase.

prediction
step time space
𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝐾𝐷−𝑇𝑟𝑒𝑒 𝑂(𝑚× 𝑙𝑜𝑔(𝑒)) 𝑂(1)
𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝑏𝑟𝑢𝑡𝑒−𝑓𝑜𝑟𝑐𝑒 𝑂(𝑒× 𝑘 ×𝑚) 𝑂(1)
product 𝑂(𝑚2) 𝑂(1)
mapping 𝑂(𝑡) 𝑂(𝑡)
filtering 𝑂(𝑚𝑖𝑛(𝑡,𝑚2)) 𝑂(1)
post-processing 𝑂(𝑥) 𝑂(1)

Table 6
Computational time and space complexity of prediction phase.

B. Models Calibration

Knowledge Graph Embedding models predictions are uncalibrated - meaning they do not represent

probability of the triple but rather a plausibility score. Explainability approaches presented in this

work requires models to be calibrated. Achieving such property with knowledge graph embedding

models requires additional post-processing to make sure the returned predictions can be interpreted as

probabilities. We calibrate the trained model using procedure described in [5] on the validation test.

Figure B shows the reliability diagram for uncalibrated and calibrated scores compared with perfectly

calibrated reference for two datasets. We can see that uncalibrated scores (in blue) are unevenly

distributed and concentrated around the lower part of predicted values, whereas calibrated scores (in

orange) although not perfect are distributed much more evenly across the mean predicted values space.

By calibrating pre-trained knowledge graph embedding models to return values between 0 and 1 that

are more evenly distributed, we return more reliable and interpretable probabilities of triples.

(a) (b)

Figure 10: (a) Reliability diagram of the TransE model’s calibration for FB15k-237 dataset. (b) Reliability diagram
of the TransE model’s calibration for WN18RR dataset.



C. Method Diagram

Figure 11: Step-by-step illustration of the ExamplE algorithm: (1) latent-space sampling of nearest neighbours
of the target subject and object; (2) filtering for Cartesian-product pairs co-occurring in 𝒯 under predicate 𝑝; (3)
optional prototype aggregation; (4) assembly into the Explanation Graph.

D. Examples

S P O Score
Artie Lange /influence/influence_node/influenced_by Jackie Gleason TT
George Carlin /influence/influence_node/influenced_by Danny Kaye 0.17232
Conan O’Brien (aka Big Red) /influence/influence_node/influenced_by Danny Kaye 0.19481
Conan O’Brien (aka Big Red) /influence/influence_node/influenced_by Steve Allen 0.24502
Bill Maher /influence/influence_node/influenced_by Steve Allen 0.25498

Table 7
Example explanation for a FB15k-237 test triple. First row: target triple (TT); lower score = closer to TT.



S P O Score
Billy Idol languages spoken, written, or signed English TT

Johnny Marr languages spoken, written, or signed English 0.00075
Chester Bennington languages spoken, written, or signed English 0.00076
Morrissey languages spoken, written, or signed English 0.00077
Loreena McKennitt languages spoken, written, or signed English 0.00077
Gordon Lightfoot languages spoken, written, or signed English 0.00080
Alan Stivell languages spoken, written, or signed English 0.00080
Robert Plant languages spoken, written, or signed English 0.00080
Oleg Skripka languages spoken, written, or signed French 0.00091
Alan Stivell languages spoken, written, or signed French 0.00091
Oleg Skripka languages spoken, written, or signed Russian 0.00097
Oleg Skripka languages spoken, written, or signed Ukrainian 0.00117

Table 8
Example explanation for a test triple in CODEX-M dataset - first row represents Target Triple (TT). The lower the
score, the closer is example to the Target Triple.

S P O Score
02314321 _hypernym 08102555 TT
02314001 _hypernym 08102555 0.02788
02313495 _hypernym 08102555 0.04839
01928360 _hypernym 08102555 0.05155
02314717 _hypernym 08102555 0.06077
01928737 _hypernym 08102555 0.06294
02321759 _hypernym 02316038 0.09046

Table 9
Example explanation for a test triple in WN18RR dataset - first row represents Target Triple (TT). The lower the
score, the closer is example to the Target Triple. Example reported in raw identifier form. WN18RR exposes
WordNet synset offsets without rdfs:label annotations; the same method produces directly readable output
on FB15k-237 (Table D) and CoDEx-M (Table D). The contrast illustrates the readability gap addressed by
XAI-Fb15k-237 (Section 4).
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