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Abstract. Existing knowledge graphs are incomplete. A lot of unstructured documents are hiding valuable information. But extracting and
structuring that information is expensive. To help, the knowledge graphs
can be populated (semi-) automatically. But knowledge graph population methods often assumes existing entities, yet, this is not the reality.
To solve this, missing entities need to be detected and distinguished.
To support an incoming stream of documents the out-of-KG entities are
incrementally modelled. The first goal of the thesis is hence to create a
novel entity linking method able to detect, distinguish and incrementally
model out-of-KG entities.
While the identification and modelling of potential out-of-KG entities are
a step in the right direction, they still need to be included in the knowledge graph. To simplify the process, another goal is to generate short
descriptions of newly identified entities. To accomplish that, a method
building upon the representation of out-of-KG entities will be created
which combines the properties of both graph-to-text and abstractive
summarization methods.
For training and evaluation, two silver-standard datasets, as well as one
gold-standard dataset, will be created.
Keywords: Knowledge Graph Population · NIL Clustering · Emerging
Entity Discovery · Entity Description.
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Introduction

Today, we are confronted with an ever-increasing number of textual documents
in unstructured form. For example, in 2013, every day, around 500 million tweets
were published [22]. Now, the number is certainly higher and is further accompanied by other social media posts, news articles and older but now digitized
documents. All these documents often contain valuable information but reading
them all is no option. Manually extracting relevant information from thousands
of documents regarding one’s use case is extremely labor-some. To store structured information, KGs are employed in numerous different domains [19]. Having
information available in a KG enables the use of powerful services like Question Answering, Recommender Systems, or Reasoning. For instance, the Google
search engine relies on an underlying KG [50]. Yet, getting the information, e.g.

2

C. Möller

from tweets, into the KG is often complicated. Even if an ontology for the KG
already exists, domain experts are commonly employed to add new information.
Novel knowledge graph population (KGP) methods, also known as knowledge
base population, allow that this process can be (semi-) automated [21]. However, existing KGP methods still have several shortcomings which need to be
addressed. We will investigate one such shortcoming, which is described next, in
the thesis, resulting in two major goals.
Commonly, KGP methods assume that extractable entities and relations are
known and part of the underlying KG [2, 8, 26, 53, 56, 60]. But tweets or historical documents often contain entities, which do not exist in a KG yet (out-of-KG
entities) [29]. Hence, the recognition of out-of-KG entities is necessary. To include the entities in the KG in the future, they also need to be put into relation to
existing entities. Furthermore, out-of-KG entity might be mentioned repeatedly
across documents. To handle this, representations of out-of-KG entities need to
be incrementally modelled. The first goal is therefore the creation of a novel

John Doe
...

Jane Doe

...

?
John Doe starred as an extra in the
movie Casablanca.

?
Carpenter John Doe, who came to fame in small
movie roles in the 1940s, died in the year 1960.

Fig. 1. Out-of-KG entity detection and modelling. An entity mention ”John Doe”
does not occur in the KG and is identified as an out-of-KG entity, a new intermediary
representation is created, which is later used for further linking.

entity linking method supporting out-of-KG entities. It will be able to detect,
distinguish and incrementally model out-of-KG entities (see Figure 1). This was,
to the best of our knowledge, not pursued to its full potential in research until
now.
This brings us to our second goal. With accomplishment of the first goal
the out-of-KG entities are now identified. But before including them in the KG,
it might be wise to check whether they are really suitable. To reduce the effort
of this process, another goal of this thesis is the creation of textual entity
descriptions out of the representations of the new entities. This makes it possible for non-KG experts to quickly understand what a newly identified entity
is about, and whether or where to insert it. Furthermore, the description can
also be included in the KG itself (see Figure 2). To accomplish that, structured
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information in the KG and information in the text needs to be combined. More
concretely, a novel method will be developed that will build on existing graphto-text and text summary methods.
When and how exactly the entities are included in the KG, is out of scope of
this work. The focus solely lies on the identification of such entities and creating
descriptions. How they are used, will be the responsibility of the curator of the
KG.

2
2.1

State of the Art
Knowledge Graph Population

Knowledge Base Population was first defined in TAC-2009 [21, 28] and is concerned with extracting structured information out of text while being constrained
to an existing knowledge base. Notably, in TAC-2009 it is also specified that
out-of-KG entities should be identified too. However, such entities are not used
further. Here, the term Knowledge Graph Population is used as a synonym for
KBP. A related task is Open Information Extraction. Here, the goal is to extract
structured information while only relying on the input document and no KG.
Its main purpose is to pre-process text to improve downstream tasks such as
KGP. However, the methods still struggle with coreference resolution and the
canonicalization of relations, which are vital for KGP [36].
Most Knowledge Graph Population methods employ a pipeline-based approach [2, 8, 47, 60] using separate entity linking and relation extraction methods. However, as a pipeline always suffers from error propagation, end-to-end
approaches are becoming more popular [23, 26, 53, 56]. Not many of those
methods consider the possibility of out-of-KG entities. Notable exceptions are
KBPearl [23] and the baseline methods used to evaluate the KnowledgeNet
dataset [47]. However, they are restricted to only output non-linked triples (by
using the entity mentions of the subject and/or object) if an out-of-KG entity
is detected. Thus, there is still space for improvement which this thesis desires
to fill.
2.2

Out-of-KG Entity Discovery and Representation

Out-of-KG entities were of interest the first time in 2011 when the NIL-clustering
task was included in TAC-2011 [21]. NIL-entities are a different term for outof-KG entities. Here, the goal is to assign the same out-of-KG entities into the
same clusters. Important is that all documents are available from the start.
Hence, most methods ran clustering algorithms over all documents while calculating different similarity measures between entity mentions [4, 7, 11, 12, 15,
16, 20, 31, 54]. Clustering is usually done by employing rule-based, graph-based
or agglomerative-hierarchical clustering methods. The most recent method solving this problem is from 2021 and employs hierarchical clustering over a created
mention/entity graph [1]. While offline clustering works well it fails if documents
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are not available all at once. This is the case when one has a continuous stream
of news or tweets. But also in the context of historical documents, it is the case
that not the full batch of documents is available from the get-go. Digitizing and
preprocessing documents is a time-consuming endeavor. However, time is precious and waiting until all documents are available can be a critical disadvantage.
That is why it is necessary to be able to process the available documents when
they arrive.
Hoffart et al. [18] introduced a similar task. However, the focus lies not on
out-of-KG entities in general but only on emerging entities. These are recent
entities that occur currently in the media and thus are of importance to the
public interest. This is typically solved by including auxiliary sources in temporal
proximity [18, 59, 62]. Most work focusing on this task is not able to identify the
same emerging entities in multiple documents [59, 62]. They are limited to just
identifying them. The notable exception is the aforementioned work by Hoffart et
al. They represent each emerging entity by the key phrases surrounding it. This
makes it possible to link, if the entity linker relies on key phrases, to emerging
entities in new incoming documents [18].
This thesis differs in two main aspects. First, the representation will not rely
on key phrases but will be based on more informative dense-embeddings, second as the support of not only emerging entities but also other out-of-KG entities
is of importance, the availability of auxiliary sources is not assumed. The
feasibility of representing out-of-KG entities by dense embeddings is supported
by the impressive performance of recent inductive or zero-shot entity linker relying on such dense embeddings [5, 42, 58]. As no auxiliary sources are assumed
to be available, all information used needs to lie in the input documents and
KG. Another point differentiating the work of this thesis from all the previous
methods is that it will focus on knowledge graphs like Wikidata. Previous methods were only suitable for encyclopedias like Wikipedia or Fandom. This makes
different methods necessary and possible.
While similar, the work differs from (cross-document) coreference resolution
due to the existence of the large number of entities in the KG which also need
to be considered.
Note that there is a debate on what is defined as an entity being desirable
to link. Often, this depends on the desired use-case and underlying knowledge
graph [43, 44]. As we are concerned with entities not yet existing in the KG,
this certainly also affects this work. However, we assume that entity mentions
are already available and that any such entity mention does indeed point to
an entity of interest, whether in the KG or not. Furthermore, as described in
Section 2.3, another goal of the thesis, is the creation of small descriptions of
entities. These help to decide whether to include the entity when the entity
recognizer is unreliable in identifying entities of interest.
2.3

Entity Description

As the representations of out-of-KG entities will be a combination of structured
and unstructured information, the methods to produce a description of the entity

Knowledge Graph Population with Out-of-KG Entities

5

will also need to include the combined properties of methods employed on two
common tasks: Text summarization and graph-to-text generation.
In the past, to tackle graph-to-text generation, sequence-to-sequence models
were often employed to map a graph to a text [32, 41, 55]. However, as graphs are
unordered by nature, the latest methods usually employ graph neural networks
(GNN) to encode the graph and then map the graph representation to output
text [3, 10, 27, 33, 39, 40, 51, 64]. This summarizes the state of the art to
transform structured information into text.
To transform unstructured text into summaries, two different kinds of text
summarization problems are considered: abstractive and extractive summarization. The difference is that extractive summarization chooses certain phrases out
of the input document as a summary while abstractive summarization creates
an entirely new summary.
As abstractive summarization is more relevant to our problem, the related
works in text summarization are dedicated it. Abstractive summarization is a
sequence-to-sequence problem which is why most methods follow the encoderdecoder framework [9, 13, 34, 35, 37, 46, 49]. Many different model types, such
as pointer networks, convolutional networks or attention-based networks, were
employed. In recent years, the best-performing models are based on pre-trained
transformer models [6, 25, 48, 61]. Important work is here the one by See et
al. [49] as it focuses on the problem of summarization methods often responding
with wrong facts. As the planned method of the thesis focuses on summarizations supporting graph information (including factual knowledge) and textual
information, producing factual correct summarizes is the goal.

3

Problem Statements, Research Questions and
Contributions

There are two problems to solve. First, out-of-KG entities need to be detected
and incrementally modelled (see Figure 1). Second, summaries need to be created
based on the intermediary representations which are the product of the solution
to the first problem (see Figure 2).
Problem 1. Assign each entity mention m ∈ Md occurring in an input document d to an entity in one of the three sets EKG , EI , Eout-of-KG . EKG contains
all entities in the KG, EI all entities with intermediary entity representations
and Eout-of-KG all other entities. If an entity belonging to the set Eout-of-KG is
encountered, create an intermediary representation of such an entity and insert
it into EI . It holds that EKG ∩ EI = EI ∩ Eout-of-KG = EKG ∩ Eout-of-KG = ∅.
Problem 2. Create a textual summary s of an entity e using the context information of the entity, available in a document d and in the KG. The information
in the document is of primary importance in the summary while the KG information provides the holistic frame.
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John Doe starred as an extra in the
movie Casablanca.

Jane Doe
Carpenter John Doe, who came to fame in small
movie roles in the 1940s, died in the year 1960.

John Doe

John Doe was a carpenter who
starred in the 1942 released
movie Casablanca and died in
the year 1960.

Fig. 2. Out-of-KG entity description creation. Given the intermediary representation
of ”John Doe”, a description is created using the representation and additional information in the KG.

In accordance with the previous two problems the following research questions were identified:
RQ 1: To what extent are out-of-KG entities incrementally identifiable and
modellable?
RQ 2: How do existing non-incremental NIL-clustering methods compare to
an incremental method?
RQ 3: Does an incremental method utilizing a KG deliver comparable or better
performance than emerging entity discovery methods using external documents
and encyclopedias?
RQ 4: To what extent are graph-to-text and text summary methods able to
be combined to describe out-of-KG entity representations?
In connection with answering the research questions, multiple contributions
will be made (more information in Section 5):
–
–
–
–
–

Entity linker supporting out-of-KG entities
Silver-standard entity linking dataset with focus on out-of-KG entities
Gold-standard entity linking dataset with focus on out-of-KG entities
Silver-standard entity description generation dataset
Gold-standard entity description generation dataset
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Research Methodology and Approach

The first step is to decide on a suitable dataset for measuring the performance
of an entity linker supporting the detection and modelling of out-of-KG entities.
While some datasets exist, they are often too small to be able to train complex
models on them. That is why a new artificially created dataset is necessary.
Hence, potential documents need to be searched for and then processed and
labeled to be usable.
To be able to deliver an answer to RQ 1, the following steps are followed
to design an entity linker supporting out-of-KG entities. Afterward, based on
extensive literature review, an entity linking architecture will be created fulfilling both the needs for satisfying entity linking performance and the ability
to detect and model out-of-KG entities. The model will be trained and evaluated on the artificially created dataset but also evaluated on the few existing
datasets compatible with the problem definition. The entity linking method will
be based on one mention encoding model and one entity encoding model. The
former model is based on a language model with the input being the document
in which each mention is marked via special tokens. This results in a dense embedding of each entity mention. The entity encoding is the concatenation of a
label embedding, a type embedding and the output of a graph neural network
run over the word embeddings of the n-hop neighborhood of each entity. By not
relying on pre-computed graph embeddings, it is on the one hand possible for
the entity linking method to link to entities not seen during training and on
the other hand it allows to represent out-of-KG entities similar to the in-KG
entities. Concerning the out-KG-entity, there are currently two options for the
detection and two options for the modelling under discussion. For the detection,
the first option is to calculate the ranking score for each potential entity and if
the score is below some hyper-parameter, the entity mention is deemed to be
out-of-KG. The other option is to use a reinforcement-learning-based approach
where the action space consists of all possible entity candidates plus the possibility of an out-of-KG entity. The modelling aspect works as follows: An entity
mention is detected to belong to an out-of-KG entity. Then, an artificial graph
is built for the out-of-KG entity mention. It consists of the mention itself and
all other entity mentions in the document. The entity mentions are linked by
extracted relations. Furthermore, for each other entity mention in the document
not belonging to an out-of-KG entity, the neighborhood is also added to the
artificial graph. Hence, it contains the context information of the document and
the graph information of the other entities in the document. One problem is the
addition of new information into existing representations as the extension of the
corresponding graphs is not straightforward. Also, it might be that an existing
representation stands for two entities instead of one, so it is necessary to split
the graph which is not trivial. To solve that, the second option will use latent
representations in the form of elliptical embeddings, more specifically Gaussian
embeddings [17, 57]. When each entity in the knowledge graph and outside of
the knowledge graph is embedded as such, incremental clustering methods can
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be applied [38, 52]. They enable to seamlessly include new information by adding
new clusters, updating them with new samples and even splitting them.
Relation extraction is a smaller focus point and as such a state of the art
relation extractor [30, 45, 63] will be used. However, it will be inspected whether
the resulting relations can be used to improve the representations of out-of-KG
entities. In the case of the symbolic representations in the form of graphs, this is
straightforward as the edges between mentions can be refined using the extracted
relations. In the case of the latent representations, the inclusion is still under
investigation.
After the creation and evaluation of the entity linking method, the representation of out-of-KG entities is specified. Hence, the work on the development of
an entity description method can begin. To accomplish that, another comprehensive review of existing abstractive summarization and graph-to-text methods
will be carried out. Based on that, a novel method will be designed. As this depends on the literature review, no design decisions are made yet. Here, a dataset
does, to the best of my knowledge, not exist. Hence, another dataset will be
automatically created from Wikipedia similar to WikiSum [24]. The difference
is that here not only documents are assumed as input but also Wikidata as an
additional knowledge source. As there exists no comparable work, the evaluation
will be done in comparison to created baselines.
Lastly, to evaluate both methods together on a gold-standard dataset, a new
one based on historical documents will be annotated. Currently, letters out of the
19th century are considered to be annotated. These will certainly contain out-ofKG entities. However, the letters are not yet available for inspection. If they do
not contain enough information on existing entities in, for instance, Wikidata,
they are not suitable. The annotation for the EL task will be straightforward.
However, for the entity summary task, characteristics defining a ”good” summary need to be defined, especially the difference in relevance of the information
in the KG and the documents. The plan is to rely on a crowdsourcing platform
such as Amazon Mechanical Turk.
See Figure 3 for an overview of the created modules.

5

Evaluation Plan

Entity linking supporting out-of-KG entity detection and modelling is evaluated
as follows. As no fully comparable method exists until now, several baselines
varying in complexity will be constructed. For example, a simple baseline would
be that any entity mention not corresponding to any label of an existing entity,
corresponds to an out-of-KG entity, and all such entity mentions correspond to
the same entity. A more complex baseline might use the same EL method as
the newly designed method but again rely only on entity mention matching to
connect out-of-KG entities. However, no final decisions are yet made. The evaluation will be done by using precision, recall and F1. This evaluation will
also contribute to answering RQ 1. Next, one comparison to NIL-clustering
methods and a second to emerging entity discovery methods is planned as these
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are related, but not identical, tasks. The former comparison answers RQ 2,
while the latter will answer RQ 3. For NIL-clustering, the commonly used measures, such as normalized mutual information, adjusted rand index or
B-Cubed+, will be used. For emerging entity discovery, precision, recall and
F1, are again the preferred measures. The method is compared to the baselines
on AIDA-EE [18], an automatically created silver-standard dataset and a manually annotated gold-standard dataset. AIDA-EE is also the dataset used for the
comparison to the emerging entity discovery methods. For NIL clustering, the
methods will be evaluated on the silver-standard and the gold-standard dataset
as well as datasets used in NIL-clustering [14].
Lastly, to answer RQ 4, the entity description method is evaluated. Here,
the Rouge score is used, which measures the quality of textual summaries.
Baselines need to be created as no comparable methods exist. The baselines will,
for example, either only use text or only use graph information. The evaluation
will be done on another automatically created silver-standard dataset and the
gold-standard dataset based on the same data as used for the entity linking
benchmarks.
See Figure 3 for all created datasets and the corresponding modules.

Modules

Entity Linking
supporting out-of-KG
entity discovery

Out-of-KG entity
modelling

Wikipedia Current Events dataset

Datasets

Out-of-KG entity
description generation

Entity description
dataset

Gold-standard dataset based on historical documents

Fig. 3. Overview of created modules and datasets.

6

Preliminary Results

It was already identified that many datasets are not suitable for entity linking
with out-of-KG entity detection and the subsequent modelling problem. Often
they do not contain out-of-KG entities at all. Other datasets do contain out-ofKG entity mentions but they are only marked as such. It is not specified whether
two out-of-KG entity mentions refer to the same entity.
The silver-standard dataset was based on the ”Current Events” section of
Wikipedia 1 . More specifically, all current events posts between 2017-12-01 and
1

https://en.wikipedia.org/wiki/Portal:Current_events
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2022-01-01 were crawled. Then, each hyperlink in the posts was taken as an
initial entity mention. To only focus on named entities, each entity mention
was further examined. If it is a class, the entity mention was removed. If some
document did not contain any entity mention anymore, it was removed. Then,
the Wikidata dump of 2017-12-01 was taken and each entity not existing in the
dump was marked as being out-of-KG. This resulted in a dataset of documents,
being sequential in time and containing out-of-KG entities. Statistics on the
dataset can be found in Table 1. It is planned to release the dataset together
with the first work using the dataset to be confident of its quality.

# examples
# mentions
# out-of-KG mentions
# unique entities
# unique out-of-KG entities
Average of # mentions per example
Table 1. Statistics of Current-Events

7

23.046
64.317
7.739
16.175
2.356
2.8
dataset

Conclusion and Future Work

It was argued that while some works on knowledge graph population with outof-KG entities exist, the topic is still less widespread. Especially regarding the
incremental detection and modeling of out-of-KG entities, the research landscape
is still rather sparse. Most of the existing work focuses on emerging entities and
not out-of-KG entities in general. Furthermore, nearly all such methods have
encyclopedias as their target knowledge base.
Hence, one of the main goals will be the creation of a knowledge graph
population method with a focus on the incremental detection and modelling of
out-of-KG entities. The target knowledge graph will be Wikidata or other graphs
which differentiates this work from others focusing on the discovery of out-of-KG
entities.
As discovered out-of-KG entities still need to be added to the KG, another
goal is the creation of a description of the new entity. While methods exist which
can transform graphs to textual descriptions or create summaries of short texts,
the combination of both is usually not done. But as out-of-KG entities in our use
case are partially grounded in a KG but also part of the textual information of
the input documents, combining both subtasks is a necessity and hence another
goal.
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C. Möller

3-7, 2019. Ed. by Kentaro Inui et al. Association for Computational Linguistics, 2019, pp. 3181–3192. doi: 10.18653/v1/D19-1314.
Leonardo F. R. Ribeiro, Yue Zhang, and Iryna Gurevych. “Structural
Adapters in Pretrained Language Models for AMR-to-Text Generation”.
In: Proceedings of the 2021 Conference on Empirical Methods in Natural
Language Processing, EMNLP 2021, Virtual Event / Punta Cana, Dominican Republic, 7-11 November, 2021. Ed. by Marie-Francine Moens et
al. Association for Computational Linguistics, 2021, pp. 4269–4282. doi:
10.18653/v1/2021.emnlp-main.351.
Leonardo F. R. Ribeiro et al. “Smelting Gold and Silver for Improved
Multilingual AMR-to-Text Generation”. In: Proceedings of the 2021 Conference on Empirical Methods in Natural Language Processing, EMNLP
2021, Virtual Event / Punta Cana, Dominican Republic, 7-11 November,
2021. Ed. by Marie-Francine Moens et al. Association for Computational
Linguistics, 2021, pp. 742–750. doi: 10.18653/v1/2021.emnlp-main.57.
Petar Ristoski, Zhizhong Lin, and Qunzhi Zhou. “KG-ZESHEL: Knowledge Graph-Enhanced Zero-Shot Entity Linking”. In: K-CAP ’21: Knowledge Capture Conference, Virtual Event, USA, December 2-3, 2021. Ed.
by Anna Lisa Gentile and Rafael Gonçalves. ACM, 2021, pp. 49–56. doi:
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