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Abstract. When graph data is divided into a train-test split, which is
common in machine learning, it alters the graph structure. In particular,
some splits may result in a training set that is unable to distinguish
certain groups of vertices as a consequence of graph topology. It can lead
to an increased number of errors in evaluation when the test set requires
a distinction between those groups but the training set provides none.
We propose methods to identify, explain, and estimate the split error
of a graph dataset with a particular assignment of triples into splits.
The method uses graph entropy differences, based on automorphism of
labeled graphs. We examine the approach on a variety of knowledge
graph embedding models and datasets. Various datasets were found to
have differing potential for split errors, depending on their structure.

Keywords: Knowledge Graph Embedding · Information theory · Struc-
tural information · Network analysis · Training-test split.

1 Introduction and Motivation

Knowledge graphs use vertices to represent conceptual entities, while the edges
define the relationships between them. However, graph structures are unfit for
processing using many machine learning algorithms which operate on tensors. In
order to resolve that issue, Knowledge Graph Embedding (KGE) techniques can
be used, which transform graph relationships into fixed-length, lower-dimensio-
nal vectors, aiming to preserve structural information and properties.

There are many surveys [4] and benchmarks [8] of various KGE algorithms,
although a fair comparison is difficult [8]. KGE methods are often evaluated on
dense, curated datasets that do not represent real-world graphs, and sparsity
has been shown to degrade performance [11].

For most machine learning tasks, including KGE, a dataset is divided into at
least two subsets: training and testing. The naive approach to dividing a dataset
involves random sampling. Such sampling might lead to bias, which has been
investigated for non-graph machine learning tasks [12, 5].

Due to the nature of graph data, some vertices may not be distinguishable
in the graph topology. Redundant vertices have been shown to degrade machine
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learning performance [10]. Graph entropy [6] can be used, among other things,
to quantitatively describe topologically indistinguishable vertices and has been
extensively investigated with many applications to machine learning [7, 13, 3].

We posit that these vertices introduce topological bias in train-test splits.
We propose an approach that uses graph entropy to describe the information
difference between the data subsets that leads to increased evaluation error,
which is the main contribution of this paper. Our framework includes a method
of detecting and explaining this class of error, which we call split error, and a
method of estimating its effect on evaluation error in a particular train-test split,
which is also able to determine which test triples contribute to this error.

The proposed approach is tested on several KGE models and datasets by
evaluating the models on the provided data splits, and then on test sets without
triples that contribute to split error. Then, we compare the performance of the
models with error estimates described by our framework.

2 Formulation of Split Error in Graph Data

A graph dataset G is understood as a set of vertices or entities V and a set of
labelled edges or triples E. The isomorphism of edge-labeled graphs, similarly as
in [9], is one that preserves not only the graph structure but also edge labels. In
particular, we will consider automorphism of this kind. A pair of nodes x, y ∈ V
is said to be indistinguishable if they belong to one automorphism orbit.

One way to measure degree to which the graph contains indistinguishable
vertices, used in [10], is to use the proportion of vertices with singleton orbits, to
all vertices, which will be denoted as ps. This method does not take into account
the distribution of nodes into orbits of varying sizes greater than 1. To better
describe this, graph entropy[6] can be used:

H = −
k∑

i=1

ni

n
log2

ni

n
, (1)

where k is the number of automorphism orbits and ni is the size of the i-th orbit.
The maximum possible entropy for a graph with n nodes is log2n and this value
could be used to normalize the entropy to the range [0, 1], written as Hnorm.

We examined various graph datasets available in the PyKEEN library[2].
The datasets exhibit varying amounts of indistinguishable vertex pairs. Hnorm

ranges from 0.8729 for DBpedia50, through 0.9670 for WN18, to values near 1
like 0.9994 for PharmKG8k, while ps ranges from low 0.5224 for DBpedia50,
through 0.7674 for WN18 to 0.9928 for PharmKG8k. Another commonly used
benchmarking set, FB15k, is also characterized by values near 1. Similar findings
were made by [10] on a different selection of datasets.

We examined the structural patterns that characterize indistinguishable ver-
tices. The findings are summarized in Tab. 1. They are concentrated in sparse
parts of the graphs, as illustrated by mean and median amount of incident edges.
Another insight is that the orbits typically consist of vertices within 2 hops. This
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Table 1. Properties of vertices that are in non-singleton orbits in the training parts
of datasets, ps is the proportion of singleton orbit vertices, and nns is the number of
vertices in non-singleton orbits. The "incident" columns describe the mean and median
amount of edges incident to these vertices vertex with "expect" describing expected
edges per vertex as estimated by 2|E|

|V | for the whole graph. The "compactness" columns
describe the proportion of classes of which all elements are within d distance or hops.

Dataset ps nns
incident compactness

expect mean median d=1 d=2
PharmKG8k 0.9928 14 106.7 2.43 3 0.0 1.0
FB15k237 0.9739 347 37.52 4.12 1 0.0 0.977

FB15k 0.9651 101 64.63 3.35 2 0.036 1.0
OpenEA 0.8306 3056 4.08 1.44 1 0.003 0.935

CoDExMedium 0.9987 6 21.8 9.67 10 0.0 1.0
DBpedia50 0.5224 12470 2.62 1.30 1 0.010 0.773
WD50KT 0.8348 7897 8.21 1.38 1 0.0 0.993
WN18RR 0.7723 8823 4.28 1.67 2 0.003 0.976

WN18 0.7674 6906 6.91 3.15 2 0.003 0.987
AristoV4 0.7262 11615 11.55 1.19 1 0.0 0.993

CoDExLarge 0.9713 1625 14.14 5.16 5 0.017 1.0
DB100K 0.8823 8954 12.00 2.82 3 0.002 0.980

corresponds to a pattern where they are connected to one or a few hub vertices.
This and similar patterns that involve common connections should result in em-
bedding vectors in one orbit to converge, as they experience identical influence
from neighbors. Therefore, they should be rated similarly in head or tail comple-
tion. There are factors that may cause them to not converge, such as insufficient
training or regularization. Any significant deviations of embeddings in one orbit
are likely to be noise, rather than informed in any way.

When KGE models are trained on data with a training-test split, the model
learns embeddings on just the triples present in the training set. This set, when
interpreted as a graph, has a different topology than the initial set. In particular,
distinguishability of a pair of nodes can change between those sets, and this
discrepancy is the cause of the split error.

We consider transductive[1] link prediction, often used to evaluate KGE mod-
els, although these considerations apply to any task in which vertices are chosen
or rated. The transductive setup also requires that the test set only contains
entities and triples present in the training set, which is ensured by default in
PyKEEN, and it is assumed in further considerations.

Let (Vtrain, Etrain) be the training set and (Vtest, Etest) be the test set,
Vtest ⊆ Vtrain, Etrain ∩ Etest = ∅. Also, Efull = Etrain ∪ Etest, which is the
totality of data available at the point of evaluation. We compute the automor-
phism orbits of Etrain and Efull, and interpret them as partitions of Vtrain

and filter them, so they only contain vertices from Vtest, and denote them
Ptrain and Pfull. Finally, let us compute the intersection of these partitions
Pinter = {x : x = a ∩ b, x ̸= ∅, a ∈ Ptrain, b ∈ Pfull}.
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Finally, the entropy of partitions Ptrain, Pinter and Pfull, denoted as Htrain,
Hinter and Hfull, can be computed using Eq. 1, where n = |Vtest| and ni are
filtered to exclude vertices outside of Vtest. Then, ∆H = Hfull − Htrain de-
scribes the gain or loss of vertex distinguishability in evaluation compared to
training. However, it is insensitive to gain in one part of the graph and loss in
another. Since Pinter always contains the more granular divisions out of both
Ptrain and Pfull, Hinter ≥ max(Htrain, Hfull). We define ∆+

H = Hinter −Htrain

and ∆−
H = Hinter −Hfull, which can be used to measure only the gain and loss

of distinguishability information respectively.
We posit that any gain in this information, that is, an increase in the ability to

distinguish vertices compared to the training data, is detrimental in evaluation,
so ∆+

H > 0 is an indication of the split error. This can be illustrated using Fig. 1,
where case c) displays such scenario. The influence of ∆−

H is uncertain.
The difference in distinguishability information measured by ∆+

H indicates
the presence of the split error but does not make a prediction of the error. We
propose a procedure for estimating the split error from the perspective of each
triple in the test set, suited for link prediction. A vertex that belongs to a smaller
orbit in Einter than in Etrain, as discussed above, will be called ambiguous.

The procedure assigns a score from 0 to 1 for each vertex match, head and
tail separately, where 1 is the score in absence of split error, and lower values
otherwise,. This assumes that the model is able to correctly predict any triple
without ambiguous vertices, in other words there are no other sources of error.

For each triple, head and tail predictions are performed, and their expected
scores depend on the ambiguity of the head and tail vertices, so the score for
vertex x is defined as

sv(x) =
|orbinter(x)|
|orbtrain(x)|

, (2)

where orbinter and orbtrain are the orbits of a vertex in the respective partitions.
The estimated split error factor using scores for the head and tail vertices for
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c) ∆+
H > 0, ∆−

H = 0,
Ptrain = {{a, b, c}, {d}},
Pfull = {{a, b}, {c}, {d}},

Fig. 1. Example cases of edge patterns present in training and test sets. The solid
and dashed lines represent the training and test sets respectively, and "x" and "y"
are distinct relations. The examples should be understood as parts of a larger graph,
where a model should be able to infer some relationships. In case c), the model has no
information that could differentiate a or b from c, leading to split error.
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each edge can be calculated as

s =
1

|Etest|
∑

(h,r,t)∈Etest

(
1− sv(h) + sv(t)

2

)
. (3)

This estimation is not derived from any scoring metric, such as Mean Reciprocal
Rank (MRR) or Hit Rate at k (hits@k), but instead summarizes the effect of
ambiguous vertices weighted by the occurrence of triples that contain them.

This estimate was further adjusted experimentally to improve its ability to
predict evaluation differences. One considered technique was using squares of sv:

sv(x)
′ =

|orbinter(x)|2

|orbtrain(x)|2
. (4)

The split error factor can also be adjusted with the computed metric m such as
MRR or hits@10, with scores in range [0, 1]. This is not fully explained, but can
be motivated by the fact that for lower scores, noisy predictions from ambiguous
vertices will not lower the score by much.

s′ = ms (5)

3 Comparison of Split Error Estimation and Embedding
Evaluation

We conducted KGE training using the PyKEEN[2] library. We considered KGE
models RESCAL, TransE, DistMult, ComplEx, MuRE, RotatE, CrossE,
TuckER, TorusE, SimplE, BoxE and AutoSF. We used datasets AristoV4,
CoDExLarge, DB100K, DBpedia50, FB15k237, OpenEA, PharmKG8k,
WD50KT, and WN18RR, as provided by PyKEEN. Some datasets from Tab. 1,
that is CoDExMedium and FB15k, are not examined further, as they do not
contain ambiguous vertices. When loading the datasets with PyKEEN, filtering
is performed by default, removing entities and relations not appearing in the
training set. All computations were performed on those filtered datasets.

Each combination of model and dataset has been run with a grid hyperpa-
rameter search, as influenced by some publications on KGE models[14]. For all,
stochastic Local Closed World Assumption (sLCWA) training loop available in
PyKEEN was used, with batch size 512, Adagrad optimizer with learning rate in
{0.002, 0.1, 0.5}, "basic" negative sampler with ratio of 10, L2 regularizer with
weight in {0, 0.0001, 0.01}. The embedding dimensions were chosen depending
on size of the dataset, with {50, 100} if |E| < 10000 else {100, 150} if |E| < 50000
else {150, 200}. If a model supports different relation and embedding dimensions,
the relation dimension was set to the same value. An early stopper was used,
evaluating once every 10 epochs with patience 4 and relative delta 0.002, with
max epochs set to 1000.

We evaluated the models on link prediction using RankBasedEvaluator in Py-
KEEN, on the test set with filtered evaluation. We calculated MRR and hits@10
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Table 2. Results of KGE evaluation averaged across all models, before and after the
processing to reduce split error.

Dataset hits@10 MRR
baseline change baseline change

PharmKG8k 0.28321 8.9 · 10−6 0.14657 5.2 · 10−6

FB15k237 0.36719 0.00028 0.21305 0.00016
OpenEA 0.31560 0.00939 0.21844 0.00686

DBpedia50 0.32182 0.02907 0.24445 0.02193
WD50KT 0.24431 0.00410 0.13723 0.00245
WN18RR 0.42778 0.02161 0.35027 0.01910

WN18 0.91208 0.00279 0.76966 0.00237
AristoV4 0.24131 0.00092 0.13696 0.00038

CoDExLarge 0.23860 0.00034 0.13870 0.00017
DB100K 0.31281 0.00106 0.18134 0.00043

Table 3. Sizes of the test sets, amount of removed test triples during processing,
entropy differences and error estimates. The error estimates use Eq. 3, although e uses
Eq. 2 for vertex scores while esqr uses Eq. 4.

Dataset |Etest| removed ∆H ∆+
H e esqr

PharmKG8k 49764 2 0.0000 3.0 · 10−4 2.2 · 10−5 3.2 · 10−5

FB15k237 20438 23 0.0017 0.0034 7.5 · 10−4 9.1 · 10−4

OpenEA 3826 242 0.0645 0.0670 0.0445 0.0588
DBpedia50 2095 521 0.1220 0.2545 0.1693 0.1996
WD50KT 45284 1998 0.0755 0.1205 0.0200 0.0259
WN18RR 2924 174 0.0411 0.0571 0.0426 0.0538

WN18 5000 18 -0.0375 0.0018 0.0077 0.0112
AristoV4 18414 116 0.0043 0.0173 0.0100 0.0125

CoDExLarge 30622 159 -0.0052 0.0054 0.0030 0.0042
DB100K 50000 672 -0.0117 0.0205 0.0091 0.0119

metrics. The full data can be provided upon request and the averages can be
seen in Tab. 2 in the “baseline” columns.

To determine the effect of the split error, we processed the test sets so that
they do not contain any ambiguous vertices, to force ∆+

H = 0. This was done
by removing all edges incident to them. The summary of the process and error
estimates can be seen in Tab. 3. We evaluated the models again on the processed
test sets. The results can be provided upon request and the effect on averages
across models can be seen in Tab. 2 in the "change" columns.

We compared ∆+
H with the changes in evaluation. The entropy difference

does not predict the change well, although the datasets with larger evaluation
differences are generally not close to ∆+

H = 0. Additionally, datasets with high
entropy differences are concentrated among datasets that do not perform well.

We tested the ability our error estimation methods to predict changes in
evaluation. The estimate from Eq. 3 shows the ability to predict the evaluation
difference using linear regression. We tested some variations of the estimate,
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including adjustments from Eq. 4 and Eq. 5. The estimation with both adjust-
ments performs best, although the unadjusted estimate still displays prediction
capability. Fitting f(x) = mx, the best estimate achieves MAE = 1.80 · 10−3

and MRE = 0.42 with m = 0.506 for hits@10 and MAE = 1.68 · 10−3 and
MRE = 0.56 with m = 0.520 for MRR. Therefore, a recommendation for roughly
estimating the error could be to multiply the adjusted estimate by 0.5.

4 Discussion

The variety of datasets and models should show wide applicability of our frame-
work. We tried to balance equal treatment of all models and datasets, with
adjustment or search for each combination, and also time and hardware limita-
tions. We acknowledge that these results do not represent the best performance,
and some models or datasets may have been put at a disadvantage.

The method used to eliminate the split error was to remove all triples that
contain an ambiguous vertex. It could be possible to remove just enough triples
to achieve appropriate automorphism orbits. We made an attempt to isolate
the edges causing the error, but all approaches resulted in retaining very few
additional edges, as the test sets are already sparse.

The evaluation results on the unprocessed and processed test sets may not
be directly comparable. The removal of some triples may introduce a new source
of bias. However, removal of the ambiguous vertices did improve the metrics by
a predictable magnitude in all cases, which shows the efficacy of our framework.

5 Conclusion

We proposed a framework for explaining and estimating a class of evaluation
errors in KGE training that arise due to differences in topology in the training-
test split. The split error estimate uses differences of vertex distinguishability
based on automorphism orbits. We have demonstrated the ability to predict
differences in link prediction scores using KGE models.

The proposed concepts can be applied to perform a more informed KGE
evaluation, either by removing ambiguous vertices from test data, finding a better
data split, or accounting for effects of split error. It is especially important when
comparing multiple datasets, where each can have different characteristics.

To further explore this topic, more thorough testing could be performed on
various datasets and KGE models. The proposed method could also be applicable
to Graph Neural Networks. The effect of split error on validation sets could be
evaluated. We also expect to develop a method of creating better train-test splits
without removing parts of the data.
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