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Abstract

Representing knowledge graphs (KGs) by learning embeddings for entities and
relations has provided accurate models for existing KG completion benchmarks.
Although extensive research has been carried out on KG completion, because of the
open-world assumption of existing KGs, previous studies rely on ranking metrics
and triple classification with negative samples for the evaluation and are unable
to directly assess the models on the goals of the task, completion. In this paper,
we first study the shortcomings of these evaluation metrics. More specifically,
we demonstrate that these metrics 1) are unreliable for estimating calibration, 2)
make strong assumption that are often violated, and 3) do not sufficiently, and
consistently, differentiate embedding methods from simple approaches and from
each other. To address these issues, we provide a semi-complete KG using a
randomly sampled subgraph from test and validation data of YAGO3-10, allowing
us to compute accurate triple accuracy on this this data. Conducting thorough
experiments on existing models, we provide new insights and directions for the
KG completion research.

1 Introduction

Knowledge graphs (KGs) are essential components of a wide range of tasks in scientific and industrial
processes [Zhang et al., 2016, Zhu et al., 2018]. Most knowledge graphs, in practice, are often
substantially incomplete and contain noise even in the edges they do have, prompting the need for
models for knowledge graph completion (KGC), also called link prediction. In recent years, models
that have led to accurate link prediction are based primarily on relational embeddings [Bordes et al.,
2013, Yang et al., 2015], where dense vectors are learned for each entity and relation in the KG.
By using different scoring functions that capture the uncertainty in each fact [Trouillon et al., 2017,
Dettmers et al., 2018, Sun et al., 2019], such knowledge graph completion models have achieved
tremendous success on existing benchmarks.

Unfortunately, the lack of a complete and accurate KGs is a problem for evaluation as well. Since
it is not possible to list all possible true and false facts for a KG of interest, existing evaluation of
KGC consists of gathering known true facts, and using: (1) ranking metrics, such as Hits@N and
Mean Reciprocal Rank (MRR), to calculate the relative rank of these known true facts against all
unknown facts (thus implicitly treated as negative), and (2) classification accuracy of individual facts,
by treating random corruptions of a known true fact as negative/false facts. In spite of steady and
significant progress on these methods, it is not clear whether these metrics correspond to the true
performance on link prediction, making it difficult to decide whether they are ready for real-world
deployment. Further, due to the strong assumptions made by these evaluation metrics, the strengths,
shortcomings, and reasoning capabilities underlying these link prediction methods is difficult to
determine, hindering further progress of the field.
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Models Acc F1 R P

DistMult 29.4 20.4 86.6 11.6
RotatE 27.0 19.4 83.7 10.9
Tucker 63.3 22.3 50.3 14.4

DistMult-valid 85.6 19.1 14.3 29.1
RotatE-valid 88.6 18.9 12.8 42.1
Tucker-valid 79.7 22.1 27.5 18.5

Random 80.9 10.9 11.1 10.6
Type Constraint 32.2 20.8 84.8 11.8

(a) Triple classification accuracy on ground truth
labels. The results are averaged over 5 runs. (b) Calibration plot for YAGO3-TC.

Figure 1: Triple classification on YAGO3-TC. (a) provides average performance of embedding
methods and our baselines. (b) Depicts the calibration study of embedding models.

In this paper, we study significant issues with the current evaluation metrics for knowledge graph
completion models, in particular, highlighting the impact of the assumptions made by these metrics
on model performance. We show that the ranking metrics often do not correlated well with the actual
performance of the model, make it incredibly challenging to determine whether these models are
well-calibrated or not (an essential property for real-world deployment), and do not correlate well
with the reasoning power of the models. For triple classification, upon a detailed examination of
several commonly used benchmarks, we show that the metric is heavily sensitive to the choice of
negative sampling, and that there is a significant mismatch between accuracy and the ranking metrics.

To address these concerns in existing benchmarks, we also introduce YAGO3-TC, a high-quality,
manually-annotated dense sub-graph of the YAGO3-10 KG. Along with the true facts that are already
present in test and validation splits of the existing benchmark, YAGO3-TC also includes related
facts involving same entities that are annotated to be true or false via crowdsourcing. These related
facts are designed to be somewhat challenging to discriminate as we select facts to annotate that
are high-scoring by recent accurate models, resulting in 28,364 labeled facts out of which 2,976
are positive. Since we ensure quality of the annotations, classification metrics such as accuracy,
precision/recall, etc. can be used to appropriately evaluate models of knowledge graph completion.

We also provide a comprehensive analysis of recent KG completion models, given the high-quality
annotations in YAGO3-TC, using triple classification metrics. We are able to provide accurate
calibration results for completion models, showing that they are significantly overconfident (consistent
with existing results for neural networks, but different from other observations for KGC). Further,
we observe that there is a significant mismatch between ranking metrics and performance on the
completion task (e.g., there is more than 20% gap between Hits@1 and Precision. Most importantly,
we show that the progress of performance suggested by ranking metrics does not align with actual
completion task; simple methods achieve similar performance to state-of-art models.

Performance of Existing KGC Models on YAGO3-TC To provide a better evaluation procedure for
KG completion we study accuracy metrics on our gathered data. The averaged result of SOTA methods
in YAGO3-TC over 5 runs is provided in Table 1a. As it shows, except for recall, Tucker outperforms
RotatE. We are also interested in investigating whether we can improve these performances with
simple modification on the learning process. Instead of random negative sampling on validation data,
use our gathered validation data as the training data for triple classification (model-valid). As shown,
upon training on our validation data, the accuracy and precision increase dramatically and recall
drops with a huge gap.

Calibration The evaluation on the calibration of YAGO3-TC is depicted in Figure 1b. As shown,
Tucker provides a more calibrated plot comparing to RotatE.
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