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Information Extraction
Beyond Sentence Boundary ∗

Youmi Ma

Abstract

Information Extraction (IE) is the task of extracting structured information
from unstructured texts. The collected structured information can be trans-
formed into a Knowledge Base (KB), serving as a valuable assistant for human
decision-making. Relation Extraction (RE), an important subfield of IE aiming
at extracting relation triples in the form of (subject, relation, object), is closely
related to the automatic construction of graph-shaped KB. While classical RE
is a sentence-level task, recent studies have pointed out that sentence-level RE
is impractical, as relations can hold document-wise, i.e., beyond sentence bound-
aries. The task, Document-level Relation Extraction (DocRE), is thus proposed
to encourage extracting both intra- and inter-sentence relation triples.

However, due to the complexity of DocRE, human-annotated supervisory sig-
nals of high quality are limited and difficult to expand. This results in two
challenges of DocRE regarding human annotations. Firstly, the limited human
annotations are not fully utilized to train a better DocRE model. Specifically, ev-
idence annotations – a set of sentences necessary to identify the relation between
an entity pair – are provided alongside relation annotations but are not used to
train a DocRE model. Secondly, there is no methodology that enables efficient
construction of a DocRE dataset in a new language. While there is a demand for
automatically populating KB for each language, datasets supporting the training
of DocRE models are limited to only two or three languages. This study explores
ways to address the aforementioned challenges. The core idea is to better utilize
existing language resources with human annotations to help model construction
and dataset construction.

∗Doctoral Dissertation, School of Computing
Tokyo Institute of Technology, August 5, 2024.
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For model construction, the goal is to obtain a DocRE model with high per-
formance. To this end, this study proposes a training strategy named Document-
level Relation Extraction with Evidence-guided Attention Mechanism (DREEAM).
DREEAM incorporates evidence supervisory signals into the parameter updates
of DocRE models. When deciding the relation(s) between a (subject, object)
entity pair, models are trained to pay more attention to sentences marked as
evidence by human annotators. The study further proposes an approach to as-
sign pseudo-evidence to data without evidence annotations. These data, once
assigned with pseudo-evidence, are also used to train an improved DocRE model.
The two proposals altogether yield a state-of-the-art DocRE model on multiple
benchmarks. Notably, DREEAM is memory-efficient, reducing memory usage
during inference to 30% of that required by existing methods. DREEAM also
enhances explainability compared to the baseline method by guiding attention
with evidence.

For dataset construction, the goal is to obtain a dataset in a language with-
out DocRE language resources, with reduced annotation costs. To this end, this
study selects Japanese as the target language and conducts cross-lingual projec-
tion from existing language resources in English. A machine translator translates
the documents in the English dataset while simultaneously projecting the entity
label spans. However, models trained on the translated dataset failed to extract
many relation triples from raw Japanese texts. Having witnessed the failure of
the translated dataset, this study further proposes a semi-automatic method to
employ the dataset as an assistant to human annotations. The machine-human
collaborative scheme requires annotators to revise recommendations provided by
DocRE models trained on the translated dataset. Compared with existing anno-
tation approaches, the proposed scheme reduces the number of human annotation
steps to more than half. As a result, JacRED, the first general-purpose Japanese
Document-level Relation Extraction Dataset, is published along with the new
annotation scheme. Notably, while 45% of the relation triples in existing English
language resources can be extracted from a single sentence, the percentage of
intra-sentence relation triples is reduced to 33% in JacRED. The fact suggests
that JacRED is more aligned with the objective set by DocRE, focusing on cross-
sentence relation extractions. Experiment results have confirmed that JacRED’s
quality is superior to the translated dataset. When benchmarking with JacRED,
DREEAM, the method proposed in this study, still ranks first among all exist-
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ing methods, demonstrating its superiority in extracting relations and retrieving
evidence. Large Language Models such as GPT-3.5 or GPT-4 are not as good as
supervised methods in DocRE. Additionally, JacRED, together with the English
DocRE dataset, enables the evaluation of cross-lingual DocRE.

This study contributes to the Natural Language Processing (NLP) field by
offering methods and insights that enhance the accuracy and expand the applica-
tions of DocRE, eventually enhancing knowledge base completion. As knowledge
bases are attracting increasing attention in improving the reliability of genera-
tive AIs based on large language models, enhancing knowledge base completion
benefits the research field in developing responsible and reliable AIs.

From the perspective of societal applications, enhancing knowledge base com-
pletion will make organizing and managing unstructured data easier. The need to
structuralize data and organize the information not only resides in data publicly
available on the World Wide Web but also in confidential data in administrations
or companies. This study, therefore, provides advancements for both the NLP
field and broader societal applications.

Keywords:

Information Extraction, Document-level Relation Extraction, Evidence Retrieval,
Cross-lingual Projection, Dataset Construction
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1 Introduction

1.1 Information Extraction
The World Wide Web enables storing and sharing texts over the Internet, includ-
ing but not limited to newswire articles, reports, and social networking services.
These texts contain information that may be of interest to others. For example,
financial traders are interested in information from newswire articles to decide
which financial asset to buy or sell [21]; doctors are interested in information
from medical reports to determine the appropriate drugs for their patients [57].

However, it is time-consuming to manually extract the information of interest
from a large number of texts, as they are highly unstructured and in free form,
written by various individuals for different purposes. This induces the need for
automatic Information Extraction (IE), where a (pre-specified) sort of infor-
mation is extracted from unstructured natural language texts [34].

IE has been an essential subfield of Natural Language Processing (NLP)
research, with a history dating back to the 1980s [35]. In the early days, IE usually
involved filling a pre-defined template, typically solved by rule-based approaches
such as pattern matching [3, 36]. Entering the 21st century, Doddington et al.
[29] reduced the complex template-filling task to extracting text spans from the
original document. They decompose IE into 3 subtasks, as shown in Figure 1.1.

1. Named Entity Recognition (NER, [22, 45, 84, 90]) for detecting every
text span that represents an entity of a pre-defined type, e.g., Steve Jobs
← PERSON.

2. Relation Extraction (RE, [67, 72, 83, 115]) for detecting every pair of text
spans (s,o)1 that a pre-defined relation r holds between s and o, e.g., (Steve
Jobs, work_for, Apple).

1s stands for subject and o stands for object.
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Steve Jobs became CEO of Apple in 1997.

Person: Steve Jobs
Organization: Apple

(Steve Jobs, CEO of, Apple)
(Steve Jobs, work for, Apple)

Trigger: became
Arguments: 
Steve Jobs, Apple,1997

NER RE EE

Text

Figure 1.1: Examples of typical Information Extraction tasks.

3. Event Extraction (EE, [63, 97, 109]) for detecting a series of text spans
that corresponds to the trigger and its associated arguments of an event,
e.g., [Trigger: became, Arguments: (Steve Jobs, Apple, 1997 )].

The same work also published a corpus with human-annotated labels for each
subtask, enabling the supervised training of machine-learning models. Recent IE
research follows this scope of task definition while trying to bring the settings
closer to reality [33, 112].

Among all these subtasks, RE contributes to another task named Knowledge
Base Population (KBP), aiming at gathering structured information extracted
from different sources [47]. As in Figure 1.2, information scattering among mul-
tiple documents is extracted with IE models and combined into a structured
Knowledge Base (KB), typically shaped as a directed graph. As queryable, fast,
and reliable data sources, KBs have been widely used to benefit downstream NLP
tasks such as question answering [25, 38].

Recently, KBs are attracting even more attention, owing to the emergence of
Large Language Models (LLM) [76]. These models are powerful natural lan-
guage generators but suffer from low explainability and reliability due to hallu-
cinations. LLMs may generate inaccurate, misleading, or inconsistent responses
not supported by factual information [42]. Researchers have been discussing
KBs’ potential to mitigate hallucinations. By incorporating knowledge retrieved
from KBs into the input of LLMs, one can observe an improved performance on
question-answering tasks [1, 6, 61]. KBs can also act as a verifier to assess the

2



(Steve Jobs, work for, Apple)

(Apple, founder, Steve Jobs)

(Steve Jobs, spouse, Laurene Powell)

(Apple, based in, California)

(Steve Jobs, born in, California)
Steve Jobs

Laurene
Powell

California

Apple

work for

based in

spo
use

born in
founder

(Laurene Powell, spouse, Steve Jobs)

Figure 1.2: Example of knowledge base gathering extractions from multiple doc-
uments.

correctness of outputs generated by LLMs [51, 65]. Moreover, reasoning on the
graph structure of KBs improves the explainability of LLMs, as the reasoning
path can be explicitly grounded to the graph [68, 99]. It is notable that RE, as
a subtask of IE, is a crucial step for automatically constructing and enhancing
knowledge bases, from which we witness the importance of IE throughout the
history of NLP.

This study focuses on RE, the task that can help populate KBs and benefit
downstream NLP applications such as LLMs. Typically, RE is a sentence-level
task that aims at extracting triple(s) with pre-defined relation type(s) from a
sentence (Figure 1.1,[29, 82, 120]). However, existing studies have pointed out
that sentence-level RE is over-simplified, as relations can hold beyond sen-
tence boundaries, i.e., between entities in different sentences [18, 59, 112]. As
shown in Figure 1.3, an RE model practical for KBP should be able to extract
both intra- and inter- sentence triples. Such a need to develop RE models ready
for practical use induces a variant of RE tasks, namely Document-level Relation
Extraction (DocRE), which is the target of this study.
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RE
Model

"The Archbishop" is the third 
episode of the first series of the 
BBC sitcom Blackadder ( The 

Black Adder ). It is set in 
England in the late 15th 
century, and follows the 

exploits of the fictitious Prince 
Edmund as he is invested as 
Archbishop of Canterbury 

amid a Machiavellian plot by 
the King …

(The Archbishop, produced by, BBC)
(Blackadder,  produced by, BBC)
(The Archbishop, part of, Blackadder)
(Prince Edmund, present in work, 
Blackadder)
(Machiavellian, present in work,
Blackadder)
… cross-sentence relations

Figure 1.3: Illustration of a DocRE model extracting intra-sentence and cross-
sentence relation triples. Words in the first and the second sentences
are marked in green and black, respectively.

1.2 Document-Level Relation Extraction and
the Challenges

DocRE aims to identify all semantic relationships between entities in a docu-
ment [112]. The task promotes RE to a more practical setting, where relations
can reside between entity pairs document-wise, i.e., within and beyond the sen-
tence boundary, as in Figure 1.3. For this reason, DocRE has been recognized as a
more challenging task compared with its sentence-level counterpart [77, 94, 112].
DocRE is also worth spotlighting because the task showcases how models com-
prehend long text [14, 91, 114]. Notably, although LLMs have “solved” various
NLP tasks such as text summarization with performance defeating supervisedly-
trained models, their performance on DocRE stays low (Section 5.3, [60, 98]).
Therefore, DocRE deserves attention even in the era of LLMs.

The development of DocRE is accompanied by a shortage of supervised data.
Compared with sentence-level RE, DocRE is more difficult to annotate, as enu-
merating relationships within a document is much harder than those within a
sentence. The difficulty arises not only from the increased number of entities but
also from the complexity of the text, which requires more time to comprehend. As
a result, collecting human annotations for DocRE is costly and time-consuming,
making every human-annotated corpus precious. For the time being, a majority of
DocRE datasets collect relation labels by automatic assignment using machines,
without the help of human annotators [27].

Closely related to the scarcity of human-annotated data, researchers are faced
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[1] "The Archbishop" is the third episode of the first series of the BBC
sitcom Blackadder ( The Black Adder ). [2] It is set in England in the late 
15th century, and follows the exploits of the fictitious Prince Edmund as 
he is invested as Archbishop of Canterbury amid a Machiavellian plot by 
the King to acquire lands from the Catholic Church. [3] ... [5] Edmund, 
faced with the threat of assassination, attempts to escape to France into 
self-imposed exile; and in a later scene, two drunk knights overhear King 
Richard IV exclaiming "Who will rid me of this turbulent priest?" [6] The 
words attributed to King Henry II which led to Becket's death in 1170, and 
embark on a mission to murder Edmund. [7] …

The Archbishop

Subject: Prince Edmund
Object: Blackadder

Relation: present in work
Evidence: 1,2

Figure 1.4: Example document and one of the relation triples from DocRED,
where the i-th sentence is marked with [i] in the beginning. Mentions
in bold italics are those of subjects and objects, whereas entity men-
tions other than subject and object are underlined.

with two challenges in order to solve DocRE.

1.2.1 Insufficient Usage of Human Annotations
Despite the preciousness of human annotations, the manually assigned labels have
not been fully utilized for training DocRE systems. To be specific, DocRED [112],
the first and most popular dataset that brings the task DocRE to public notice,
collects not only the relation labels but also the supporting evidence label (evi-
dence hereafter) for each relation decision.

Evidence is defined as a set of sentences necessary for humans to identify the
relation between an entity pair [112]. As shown in Figure 1.4, to decide the
relation label present in work between Prince Edmund and Blackadder, reading
sentences 1 and 2 should be sufficient. Although sentences 5 and 6 also mention
the subject, they are irrelevant to the relation decision. Evidence of the relation
triple (Prince Edmund, present in work, Blackadder) is thus sentences 1 and 2.
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Dataset Lang. # Triples # Docs. Avg. # Toks. # Rels. Evi.
DocRED [112] en. 50,503 4,051 198.4 96 Y
Re-DocRED [89] en. 120,664 4,053 198.4 96 N
HacRED [18] zh. 56,798 7,731 122.6 26 N
HistRED [111] kr. 9,965 5,816 100.6 20 Y

Table 1.1: Statistics of existing DocRE datasets. Column Evi. shows whether
each dataset annotates evidence sentences or not. Statistics for Do-
cRED are from the human-annotated subset.

Previous studies introduce a new task called Evidence Extraction or Evidence
Retrieval (ER), attached to DocRE [41, 43, 104, 105]. The aim of ER is to
measure the ability of models to identify the evidence for each relation extraction
decision. To this end, modules are specially designed to perform ER in addition
to DocRE. However, the ER modules are separated from DocRE modules, with
little parameter sharing or interaction [104, 105]. As a result, the supervisory
signal of ER contributes little to the parameter updates of the DocRE module.
In other words, no efforts are made to utilize human annotations of evidence for
better extracting relation triples from documents.

1.2.2 Limited (Multilingual) Human Annotations
The scale and amount of DocRE language resources are smaller than its sentence-
level counterpart. Table 1.1 summarises the existing DocRE datasets. Several
datasets are excluded as they target specific domains, e.g., medical, drug, and
biology. As shown in the table, English is the dominant language where two
datasets have been published with the largest amount of triples2. Chinese and
Korean datasets are also constructed, while the average number of triples per doc-
ument is much smaller. These non-English datasets are constructed individually
from English datasets with different label sets.

The above observations portray a gap between the availability of language
resources and the practical needs: While there is a demand for automatically
populating KB for each language, datasets supporting the training of DocRE

2To be precise, Re-DocRED is an improved version of DocRED where more relation labels are
added [89, 112].
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models are limited to only 2 or 3 languages. Given the hardness of collecting
human annotations for DocRE, efforts should be made to either (1) train a DocRE
model capable of extracting relation triples from multilingual documents or (2)
develop a method for easier dataset construction in an arbitrary language.

1.3 Proposed Solutions
This study investigates ways to move one step forward in solving the abovemen-
tioned challenges. The core idea is to better utilize existing language resources
with “gold”, i.e., human-labeled annotations, to help (1) train a model with better
performance and (2) construct a dataset with fewer costs.

1.3.1 Model Construction
To improve the usage of human annotations in training DocRE models, this study
proposes a method to incorporate the supervisory signal of evidence retrieval into
the parameter updates of DocRE models. The method is named DREEAM,
short for Document-level Relation Extraction with Evidence-guided Attention
Mechanism3.

Specifically, to decide the relation label between an entity pair (s,o), models
are taught to pay more attention to sentences marked as evidence by human
annotators. This approach aligns the behavior of DocRE models with that of
humans: When asked to determine the relation between a specific entity pair
based on a given document, human beings first search through the text to find
relevant clues. An answer can then be made by referring to the relevant clues,
which resembles the process of model predicting relation label(s).

The study further proposes an approach to assign “silver” evidence annotations
to data with “silver” relation annotations. Data with silver relations and evidence
annotations are further incorporated into the training process to produce a better
DocRE model.

The two proposals altogether yield a state-of-the-art DocRE model on multiple
benchmarks. The fact that DREEAM outperforms all its competitors demon-
strates the study’s success in utilizing evidence annotations to train a better
model that efficiently extracts relation triples from documents.

3An introduction of attention mechanism is included in Section 2.1.1.
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1.3.2 Dataset Construction
To promote DocRE research in languages other than English, this study proposes
a method to utilize existing resources of English DocRE to construct datasets and
models for non-English DocRE. Japanese is chosen as the target language, and
this study eventually constructed the first Japanese Document-level Relation
Extraction Dataset, shortened as JacRED.

The study first assesses the usability of a dataset directly translated from
English resources. A machine translator translates text in Re-DocRED [89]
into the target language while simultaneously projecting the entity label spans.
The approach has been reported effective in automatically collecting multilin-
gual sentence-level RE datasets [40]. However, models trained on the translated
dataset, although performing fairly well on the test split of the translated dataset,
failed to extract many relation triples from raw texts written by native speakers
in the target language.

Having witnessed that the translated dataset is not ready for use on its own, the
study further proposes a semi-automatic scheme to utilize the dataset to assist
human annotation. Given a raw document in the target language, DocRE models
trained on the translated dataset suggest possible relation triples, based on which
human annotators make modifications. The dataset constructed following this
semi-automatic scheme is JacRED. This human-computer collaborative scheme
helps reduce human annotation costs to more than half compared to existing work.
Experimental results demonstrate that models trained with JacRED consistently
outperform those trained with the translated dataset, indicating an improved
dataset quality. Notably, compared with Re-DocRED, JacRED contains a higher
percentage of cross-sentence relation instances, aligning better with the objective
of DocRE.

Although this study specifically focuses on creating a Japanese dataset with
the assistance of an English dataset, the findings arguably apply to any other
language pair.

1.4 Contributions
This study contributes to the community from the following perspectives:

1. It proposes the first approach that utilizes the supervision signal of evidence
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directly in the training of DocRE models.

2. It introduces the first approach to assign evidence labels to unlabeled doc-
uments automatically.

3. Combining the above approaches yields DREEAM, the state-of-the-art DocRE
model, on multiple benchmarks. The proposed model is more memory-
efficient, reducing memory usage during inference to 30% of that required
by existing methods.

4. The proposed model is more explainable, focusing on words related to the
corresponding entity pair to decide the relation label(s).

5. It publishes a ready-to-use software for extracting relation triples and their
corresponding evidence from English documents.

6. It examines the validity of automatically constructed DocRE datasets via
machine translation and showcases the limitations of such datasets.

7. It proposes a human-computer collaboration scheme for annotating DocRE
datasets, assisted by existing datasets in another language. The proposed
scheme reduces the human annotation steps to 50% of that required by
existing methods.

8. It publishes JacRED, the first document-level relation extraction dataset in
Japanese, establishing the foundation of Japanese DocRE.

9. Benchmarking with JacRED depicts the limitations of LLMs in solving
DocRE, even with a delicately designed prompt.

10. The published dataset enables cross-lingual evaluation of DocRE models,
as it shares the same domain with existing English datasets, with a trans-
ferrable relation label set.

1.5 Outline
This section provides an outline of the remaining contents.
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Chapter 2: Background Knowledge

Chapter 2 walks through the background knowledge and preliminaries necessary
to understand this research. This includes: (1) the attention mechanism and
Transformers [93], the technologies that form the basis of modern NLP; (2) LLMs
and in-context learning, the edge-cutting technologies frequently mentioned in
current NLP studies, which are also utilized in this work.

Chapter 3: Preliminaries and Related Work

Chapter 3 introduces the related studies. The chapter is divided into three parts.
Section 3.1 specifies the task definition and details the basic dataset utilized
throughout this study. Section 3.2 introduces preliminaries and existing studies
about building DocRE models, positioning this study in the family of designing a
better DocRE model. Section 3.3 introduces existing studies about constructing
DocRE datasets, positioning this study in the family of constructing language
resources for (Doc)RE.

Chapter 4: Model Construction

Chapter 4 details the first proposal of this study about model construction, i.e.,
DREEAM. The aim is to incorporate supervisory signals regarding evidence to
help obtain better DocRE models. The chapter first introduces the technical
details and then the experiment settings and results. Analyses, including ablation
studies, are also included to describe the properties of DREEAM.

Chapter 5: Dataset Construction

Chapter 5 details the second proposal of this study about dataset construction,
using Japanese as the target language. The aim is to reduce the burden of human
annotation to create multi-lingual and cross-lingual DocRE datasets. The chapter
first details the full-automatic approach, i.e., translating English DocRE datasets
into Japanese, including its limitations. Following these contents is the semi-
automatic approach and an analysis of the constructed dataset, i.e., JacRED.
Several experimental results about JacRED portray the reasonableness of the
proposed annotation scheme and the property of the constructed dataset.
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Chapter 6: Conclusion

Chapter 6 concludes the study about information extraction, especially relation
extraction, beyond sentence boundaries. It first reviews the proposals and results
in Chapters 3 and 4 and discusses how this study has mitigated the challenges of
DocRE. Apart from the achievements, this chapter also discusses the limitations
of the study and potential research directions to stimulate future research.
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2 Background Knowledge

This chapter introduces the background knowledge about modern NLP, which the
dissertation is based on. Specifically, the chapter walks through technologies from
the attention mechanism [93] to the cutting-edge in-context learning methods [30].

2.1 Transformer
Transformer is a deep-learning model that sets the foundation for modern NLP,
capable of modeling long-range dependencies between words in a sentence. The
key component enabling this capability is the attention mechanism, which is also
closely related to this study’s proposal in Chapter 4.

2.1.1 Attention Mechanism
Proposed by Bahdanau et al. [7], the technique allows a model to focus on dif-
ferent parts of the input sentence dynamically. The attention mechanism can be
used under different scenarios, typically cross-attention and self-attention. Cross-
attention computes the alignment between the input and the output, generating
the next word based on the previously seen words [7]. Self-attention computes
the alignment within input words, obtaining a contextualized vector representa-
tion of each word (token) or sentence that takes all words into consideration [28].
This section introduces the latter setting, i.e., a self-attention encoder, that is
closely related to this study. It is notable that while used in different scenarios,
cross-attention and self-attention share the same core concept.

The following subsection explains self-attention using an example sentence “see
that boy dance”. Given the input sentence, the contextualized vector representa-
tion of each word is computed from a weighted sum of all word vector represen-
tations. Here, the process of computing the contextualized vector representation
of “that” is showcased in Figure 2.1. Mathematically, let the word vector matrix
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Figure 2.1: Example of attention mechanism originating from the word “that”.

be XXX := [xxx1;xxx2;xxx3;xxx4] ∈ R4×d, where d is the dimension size of word vectors. A
query, key, and value matrix is then computed as XXXWWW q,XXXWWW k,XXXWWW v ∈ R4×dk ,
where WWW q,WWW k,WWW v ∈Rd×dk are matrices that project word vectors into the space
of being query, key, and value. The contextualized word vector of “that” is com-
puted by querying with xxx2WWW q. Firstly, the importance of each word ααα2 ∈R4 are
computed as:

ααα2 = (xxx2WWW q)(XXXWWW k)⊤
√

dk
. (2.1)

The contextualized word vector ccc2 is then computed as a weighted sum over
XXXWWW v, with weights given by ααα2:

ccc2 = softmax(ααα2)XXXWWW v, (2.2)

where softmax(ααα2) = e
α2,i∑4

j=1 e
α2,j

(i = 1, . . . ,4) ensures the weights sum to 1. If
WWW q,WWW k,WWW v are properly trained, then the importance α2,3 corresponding to the
word “boy” should be high, which is semantically related to the word “that”.

In practice, multiple groups of WWW q,WWW k,WWW v are independently initialized and
trained to enrich the vector representation. Each group of WWW q,WWW k,WWW v is called
a head, and the attention using multiple heads are termed as multi-head atten-
tion, as in Figure 2.2a.

2.1.2 Architecture of Transformer
Transformer is a multi-layer neural network that features an encoder-decoder
structure. It stacks attention and feed-forward layers as illustrated in Figure 2.2b,
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(b) Model architecture of the transformer

Figure 2.2: Illustrations of Multi-head attention and model architecture of the
transformer [93].

where self-attention layers act as the key component. The encoder maps an input
sequence (w1, . . . ,wn) to an intermediate sequential representation (xxx1, . . . ,xxxn),
and the decoder generates an output sequence (y1, . . . ,yn) one-by-one.

The encoder of a transformer stacks N = 6 identical layers, each consisting of
two sub-layers. The first sub-layer is an attention layer applying multi-head self-
attention on the input, and the second sub-layer is a feed-forward neural network.
Residual connection [39] and layer normalization [5] stand between the sub-layers.
Specifically, the output of each sub-layer is LayerNorm(xxx + Sublayer(xxx)), where
xxx is the encoder’s initial input and Sublayer(·) is the function inside each sub-
layer. Outputs of each sub-layer share the same dimensionality dm with the input
embeddings.

The decoder differs from the encoder in that a third self-attention sub-layer is
inserted, attending the contextualized embeddings to the output of the encoder
stack. Also, the first self-attention sub-layers are modified to mask those positions
after the current position, ensuring the predictions for position i only depend on
known outputs before i.
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Additionally, position encodings (PE) are added to the input embeddings to
incorporate the sequence order. The position encoding is computed using sine
and cosine functions:

PE(pos,2i) = sin( pos

100002i/dm
), (2.3)

PE(pos,2i+1) = cos( pos

100002i/dm
), (2.4)

where pos represents the position index and i represents the dimension index.
These functions are chosen because PEpos+k can be expressed as a linear func-
tion of PEpos, enabling the model to more easily learn to attend by relative
positions [93].

2.2 Language Modeling

2.2.1 Neural Language Model
Language models (LMs) assign probabilities to sequences of words [50]. Given
a sequence of N words (w1,w2, · · · ,wN ), LMs compute the probability of the
sequence P (w1,w2, · · · ,wN ). If modeling the probability forwardly, the model is
called a forward LM, computing the probability of token wt given the history
(w1, · · · ,wt−1):

P (w1,w2, · · · ,wN ) =
N∏

t=1
P (wt|w1,w2, · · · ,wt−1) =

N∏
t=1

P (wt|w1:t−1). (2.5)

A backward LM runs over the sequence reversely, predicting the previous word
given the future context:

P (w1,w2, · · · ,wN ) =
N∏

t=1
P (wt|wt+1,wt+2, · · · ,wN ) =

N∏
t=1

P (wt+1:N ). (2.6)

In other words, LMs predict upcoming words from prior word context, following
either a forward or a backward direction. During this process, the likelihood of
each word given the known words is calculated. Consequently, the likelihood of
the entire sequence can be derived from the probabilities of all composing words.
LMs modeling from both directions are called bidirectional Language Models
(biLM).
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To improve computational efficiency, the likelihood of token wt is computed
by conditioning only a subset of prior words instead of its entire history. This
approximation method is called n-gram, which looks at n−1 words in the past,
as shown below.

P (wt|w1:t−1)≈ P (wt|wt−n+1:t−1). (2.7)

Bengio et al. [10] first applied neural network for language modeling. Under
their design, feed-forward neural networks are used for constructing an n-gram
language model. A feed-forward neural network is the most straightforward multi-
layer neural network processing computations from lower layers to higher layers
without a loop. In general, each layer of a feed-forward neural network receives
an input vector xxx from the previous layer and generates a vector hhh as the output:

hhh = σ(WWWxxx+ bbb), (2.8)

where WWW is a a projection matrix, bbb is a bias vector and σ is an activation function
with non-linearity.

A feed-forward LM takes input at timestep t, a representation of n previous
words, then outputs a probability distribution over possible next words. Mathe-
matically, the function f(wt, · · · ,wt−n+1) = P (wt|w1:t−1) is decomposed into two
parts [10]:

1. A mapping CCC from any element i of vocabulary V to a real vector CCC(i)∈Rm,
where m is the dimension of word embeddings. In practice, CCC is represented
by a |V |×m matrix of trainable parameters.

2. The feed-forward neural network g maps an input sequence of word embed-
dings (CCC(wt−n+1), · · · ,CCC(wt−1)) to a conditional probability distribution
over words in V for the next word wt. The output of g is a vector, with the
i-th element yields the probability P (wt = i|w1:t−1).

Combining the two parts above yields:

f(i,wt−1, . . . ,wt−n+1) = g(i,CCC(wt−1), . . . ,CCC(wt−n+1)). (2.9)

The model can be trained by minimizing the cross-entropy (negative log-likelihood)
loss. At timestep t, suppose the correct next word is wt = i, then:

LCE =− logP (wt = i|wt−1, ...,wt−n+1). (2.10)
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My cat is cute [SEP] she likes play ##ing [SEP][CLS]
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Figure 2.3: Input representation of BERT, where Emb. is short for embedding.

Although modern neural LMs generally utilize architectures other than a feed-
forward neural network, feed-forward LMs underlie the design of transformer-
based LMs.

2.2.2 Large Language Models (LLMs)
This subsection introduces several pre-trained LLMs closely related to this study,
all based on the Transformer architecture described in Section 2.1.

BERT: Bidirectional Encoder Representations from Transformers

Bidirectional Encoder Representations from Transformers (BERT, [28]) is an
encoder-only LLM that returns a contextualized representation for each input
word. As indicated by its name, the model is a biLM that reads the context
from both right to left and left to right. The architecture is a multi-layer bidi-
rectional Transformer encoder, where BERTBASE contains 12 Transformer layers
with 110M parameters in total, and BERTLARGE contains 24 Transformer layers
with 340M parameters in total. More details about the architecture and param-
eters can be found in the original paper [28].

Originally, BERT is pre-trained under two kinds of unsupervised losses:

1. A masked language model objective, where a random word in the input is
masked, and the goal is to predict the original vocabulary ID of the masked
word.

2. A next sentence prediction objective, where the goal is to predict if sentence
B fluently follows sentence A.
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An example input is shown in Figure 2.3. Here, the word “playing” is split
into two sub-words, or tokens, as “play” and “##ing”. This is because words
are broken down into wordpieces to process more words with a limited vocab-
ulary size [102]. For the masked language model pre-training objective, 15% of
the tokens in each sequence are chosen randomly to be masked with a special
token [MASK]. For the next sentence prediction pre-training objective, 50% of the
time, sentence B is the actual sentence following A, and 50% of the time, it is
a random sentence from the corpus. Whether B follows A is predicted from the
representation corresponding to the beginning [CLS] token in the output layer.

Since its release, variants and improvements of BERT have been proposed. For
example, Liu et al. [64] have proposed RoBERTa as a robust version of BERT
trained with a larger corpus and longer time. Beltagy et al. [8] have proposed
SciBERT as a variant of BERT specialized in the science domain, pre-trained on a
large multi-domain corpus of scientific publications. Apart from those mentioned
above, there are also other works following the framework of BERT [20, 49, 56].
A comprehensive survey of all such works is out of the scope of this study and is
not included in this dissertation.

Multilingual BERT. Training BERT on the concatenation of monolingual
Wikipedia corpora yields a multilingual version of BERT, shortened as mBERT [28].
mBERT is good at zero-shot cross-lingual model transfer: when fine-tuning the
model using task-specific supervised data from one language, it generalizes sur-
prisingly well when evaluated on another language [78]. Conneau and Lample
[23] and Conneau et al. [24] incorporated a translation language modeling objec-
tive to the masked language model objective, further improving the cross-lingual
transferability. The second part of this dissertation adopts mBERT for encoding
cross-lingual DocRE.

GPT: Generative Pre-trained Transformer

Generative Pre-trained Transformer (GPT) is another Transformer-based LLM
frequently used for NLP research [80]. GPT is proposed before BERT, whose
model architecture is nearly identical to BERT apart from the attention masking.
Specifically, although both GPT and BERTBASE consist of 12 Transformer layers,
GPT comprises Transformer decoder blocks, and BERT comprises Transformer

19



Translate English into French:
sea otter -> loutre de mer
cheese -> 

task description
One-shot Prompting

Few-shot Prompting

example

Translate English into French:
sea otter -> loutre de mer
peppermint -> menthe poivrée
plush girafe -> girafe peluche
cheese -> 

task description

examples

Figure 2.4: Example inputs for in-context learning [13].

encoder blocks. In other words, BERT processes the input from both forwarding
and backwarding directions, while GPT processes the input only forwardly, i.e.,
from left to right. For this reason, BERT is commonly referred to as an encoder,
which can be used for encoding texts; GPT is commonly referred to as a decoder,
which can be used for generating texts.

GPT has evolved greatly since its proposal. Proceeding GPT is GPT-2 [81],
which expanded more than 10 times the parameters of GPT to 1.5B and per-
formed well across multiple domains and datasets. GPT-3 with 175B parameters
further replaced GPT-2 with an impressive performance on many NLP tasks, in
some cases nearly matching that of state-of-the-art fine-tuned models [13]. They
brushed up on the training strategies and published GPT-3.5, which is better at
following humans’ instructions. Recently, GPT-4 has surprised the world with
human-level performance on various professional and academic benchmarks, with
the model size not officially announced yet [74]. ChatGPT, the famous chatbot
that brings NLP to real-world use, is typically driven by GPT-3.5 or GPT-4.

In-Context Learning of LLMs

As mentioned above, in some cases, GPT-3 can exhibit comparable performance
to supervisedly-trained models on several NLP tasks, such as translation, summa-
rization, and question answering. To achieve this, the model learns from few-shot
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examples provided by humans to understand the goal of each task. The method
is named In-Context Learning (ICL,[13]), with an example shown in Figure 2.4.
The core idea is an inductive learning process based on analogies [30]. To be
more specific, the model reads the task descriptions and few-shot demonstrations
provided as the input, which is referred to as the prompt, to understand the task
and respond to new instances. It has been reported that, with proper descrip-
tions and demonstrations, LLMs can perform many tasks with reasonably high
performance [13, 30]. Therefore, ICL is a promising paradigm for controlling the
behavior of AI that is handy and training-free.
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3 Prelimiaries and Related Work

This chapter delves into the specific task addressed by this study, i.e., Document-
level Relation Extraction (DocRE). To this end, Section 3.1 formally defines the
task and introduces notations used throughout this dissertation. The section
also details the most commonly used dataset and how it is constructed, providing
important context for understanding both the model and dataset construction
parts. Afterward, related work about the model and dataset construction parts
is introduced in Section 3.2 and Section 3.3, respectively.

3.1 Task Definition and Dataset

3.1.1 DocRE: Task Definition
Given a document D containing sentences XD = {x1,x2, . . . ,xn} = {xi}ni=1 and
entities ED = {e1, e2, . . . , el}= {ei}li=1, the goal of DocRE is to predict all possible
relations between every entity pair. Each entity e∈ ED is mentioned at least once
in D, with all its proper-noun mentions denoted as Me = {m1,m2, . . . ,mk} =
{mi}ki=1. An entity pair (es, eo) can hold multiple relations, comprising a set
Rs,o ⊂R, where R is a pre-defined relation set. The relation label set R includes
ϵ, which stands for no-relation.

Additionally, the task Evidence Retrieval (ER) aims at retrieving the evidence
for each relation prediction at sentence level. If an entity pair (es, eo) carries a
valid relation r ∈ R\{ϵ}, ER aims to retrieve the supporting evidence Vs,r,o ⊆
XD that are sufficient to predict the triplet (es, r,eo). In general, a model that
performs both DocRE and ER should return a quadruple (es, r,eo,Vs,r,o) given
the document D and an entity pair (es, eo).
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Human-Annotated Machine-Annotated
# Documents 5,051 101,873
# Relation Types 96 96
# Sentences per Document 8.0 8.1
# Entities per Document 19.5 19.3
# Mentions per Entity 1.3 1.3
# Triples per Document 12.5 14.8
# Evidence per Triple 1.6 –

Table 3.1: Statistics of DocRED collected by Yao et al. [112].

3.1.2 DocRED: Dataset Statistics
Yao et al. [112] first formulated the task DocRE with a large-scale dataset con-
structed from Wikipedia. The dataset, named DocRED, consists of 5,051 doc-
uments with human annotations and 101,873 with automatic annotations, with
statistics detailed in Table 3.1. As mentioned in Section 1.2, DocRE is difficult
to annotate. Therefore, the study adopted a recommendation-based annotation
scheme, where human annotators modified the recommendations provided by the
model instead of listing relation triples from scratch1. The strategy for recom-
mending relation triples was Distant Supervision [71], which requires aligning
text to an existing knowledge base.

Distant Supervision

Distant Supervision is the method that supervises training of relation extraction
models with a Knowledge Base (KB). The method assumes that if a sentence
contains an entity pair that participates in a known relation in a knowledge
base (KB), the sentence probably expresses that relation. Given a large pool
of natural language texts and a pre-defined KB, the method collects training
data for relation extraction by aligning the KB to the text [71]. An important
assumption here is that if a relation triple (es, r,eo) presents in a pre-defined KB
and entities es and eo appear simultaneously in a sentence, then the sentence is
likely to express the relation (es, r,eo) and thus included as a training instance
for relation r. In such a way, entities are used as anchors to automatically collect

1Details of the construction process are described in Section 3.3.
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[1] "The Archbishop" is the 
third episode of the first 
series of the BBC sitcom 
Blackadder ( The Black 

Adder )… [5] Edmund … 
Richard IV exclaiming " 
Who will rid me of this 

turbulent priest ? …

The Archbishop
Blackadder

Richard IV

(Richard IV, present in work, Blackadder)

Richard IV

Blackadder

present in 
work

knowledge basedocument

Figure 3.1: Example of obtaining training instances for DocRE via distant super-
vision.

training instances for RE with no human efforts needed.
Distant Supervision has been widely adopted to generate automatically-labeled

data for RE [71, 79, 103]. Figure 3.1 showcases how Yao et al. [112] collected
automatically-annotated data with distant supervision. Specifically, they aligned
Wikidata [96], a KB based on Wikipedia pages maintained by humans, with
introductory sections from Wikipedia pages. Named Entity Recognition (NER)
was first conducted to identify all entities within each document. Then, entity
pairs were enumerated as queries for the KB to see if an edge connected the
entities. If the entity pair were connected in the KB, the triple would be included
as an automatically annotated relation instance in the given document.

3.2 Model Construction
This section introduces several representative DocRE models related to this study.
All these models are based on Transformers as introduced in Section 2.1. These
transformer-based models outperform their graph-based counterparts [116, 117,
107], possibly owing to the capability of Transformer encoders in capturing long-
distance token (word) dependencies.

Specifically, three models are introduced in the following section: ATLOP [124],
EIDER [105], and KD-DocRE [88]. ATLOP is the backbone model of the pro-
posed method; EIDER is an important competitor with the proposed method that
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Figure 3.2: Model architecture of ATLOP [124]. FNN is short for Feed-forward
Neural Network.

tackles both DocRE and ER; and KD-DocRE was the state-of-the-art DocRE
model before the proposed method, which utilizes both human-annotated and
machine-annotated parts of DocRED.

3.2.1 ATLOP
ATLOP [124] is an effective and efficient DocRE model based on BERT [28],
acting as the backbone of the proposed method. The overall structure is shown
in Figure 3.2.

Text Encoding Before encoding, a special token * is inserted at the beginning
and the end of each entity mention. Then, tokens TD = {ti}|TD|

i=1 within document
D are encoded with a Transformer-based pretrained language model (PLM, [93])
to obtain token embeddings and cross-token dependencies. Notably, although the
original ATLOP adopts only the last layer, this work takes the average of the last
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three layers, as pilot experiments showed that using the last 3 layers yields better
performance than using only the last layer. Specifically, for a PLM with d hidden
dimensions at each transformer layer, the token embeddings HHH and cross-token
dependencies AAA are computed as:

HHH,AAA = PLM(TD), (3.1)

where HHH ∈ R|TD|×d averages over hidden states of each token from the last three
layers and AAA ∈ R|TD|×|TD| averages over attention weights of all attention heads
from the last three layers.

Entity Embedding The entity embedding hhhe ∈Rd for each entity e with men-
tionsMe = {mi}|Me|

i=1 is computed by collecting information from all its mentions.
Specifically, LogSumExp pooling, which has been empirically shown to be effective
in previous studies [48], is adopted as:

hhhe = log
|Me|∑
i=1

exp(HHHmi), (3.2)

where HHHmi is the embedding of the special token * at the starting position of
mention mi.

Localized Context Embedding To better utilize information from long texts,
ATLOP introduces entity-pair specified localized context embeddings. Intuitively,
for entity pair (es, eo), tokens important to both es and eo should contribute more
to the embedding. The importance of each token is determined by the cross-token
dependencies AAA obtained from Equation 3.1. For entity es, the importance of each
token is computed using the cross-token dependencies of all its mentions Mes .
First, ATLOP collects and averages over the attention AAAmi ∈R|TD| at the special
token * before each mention mi ∈Mes to get aaas ∈ R|TD| as the importance of
each token for entity es. Then, the importance of each token for an entity pair
(es, eo), noted as qqq(s,o) ∈ R|TD|, is computed from aaas and aaao as:

qqq(s,o) = aaas ◦aaao

aaa⊤
s aaao

, (3.3)

where ◦ stands for the Hadamard product. qqq(s,o) is thus a distribution that
reveals the importance of each token for entity pair (es, eo). Subsequently, ATLOP
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performs a localized context pooling,

ccc(s,o) = HHH⊤qqq(s,o), (3.4)

where ccc(s,o) ∈ Rd is a weighted average over all token embeddings.

Relation Classification To predict the relation between entity pair (es, eo),
ATLOP first generates context-aware subject and object representations:

zzzs = tanh(WWW s[hhhs;ccc(s,o)]+ bbbs) (3.5)
zzzo = tanh(WWW o[hhho;ccc(s,o)]+ bbbo), (3.6)

where [·; ·] represents the concatenation of two vectors and WWW s,WWW o ∈Rd×2d, bbbs, bbbo ∈
Rd are trainable parameters. Then, a bilinear classifier2 is applied on the context-
aware representations to compute the relation scores yyys,o ∈ R|R|:

yyys,o = zzz⊤
s Wrzzzo + bbbr, (3.7)

where Wr ∈ R|R|×d×d and bbbr ∈ R|R| are trainable parameters. The probability
that relation r ∈R holds between entity es and eo is thus computed from:

P(r|s,o) = sigmoid(ys,r,o). (3.8)

Loss Function ATLOP proposes Adaptive Thresholding Loss (ATL), which
learns a dummy threshold class TH during training, serving as a dynamic thresh-
old for each relation class r ∈ R. For each entity pair (es, eo), ATL forces the
model to yield scores above TH for positive relation classes RP and scores below
TH for negative relation classes RN , formulated as below:

LRE =−
∑
s̸=o

∑
r∈RP

exp(ys,r,o)∑
r′∈RP ∪{TH} exp(ys,r′,o)

−
exp(ys,TH,o)∑

r′∈RN ∪{TH} exp(ys,r′,o) .

(3.9)

The idea of setting a threshold class is similar to the Flexible Threshold [15].
During inference, relation classes with scores higher than the threshold class are
extracted as relation predictions for each entity pair.

2In practice, a grouped bilinear classifier [121] is applied to save memory.
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3.2.2 EIDER
EIDER extends ATLOP with an Evidence Extraction module [105]. While AT-
LOP deals with only DocRE, EIDER incorporates an evidence classifier so that
the model tackles both DocRE and ER. Notably, EIDER identifies the evidence
entity-pair-wise instead of triple-wise. In other words, for an entity pair (es, eo)
holding relations r1, r2, the model extracts only one set of evidence Vs,o instead
of two sets of evidence Vs,r1,o and Vs,r2,o. Such a design was chosen because
the authors observed that most entity pairs have only one set of evidence across
relations.

The following subsection details the incremental elements of EIDER compared
to ATLOP, namely the evidence classifier to extract the evidence sentences and
the inference-stage fusion strategy to fuse predicted results from the whole
document and a partial document composing only evidence sentences.

Evidence Classifier The model specifies the evidence of each entity pair via
a bilinear classifier, similar to that of the relation classifier. To be specific, they
first obtain an embedding xxxi ∈ Rd for each sentence xi by applying a LogSumExp
pooling over all composing tokens Txi :

xxxi = log
|Txi |∑
i=1

exp(HHHti), (3.10)

where HHHti is the embedding of the ti-th token that composes xi.
Then, the sentence embedding xxxi, together with the localized context em-

bedding ccc(s,o) concerning es, eo, are fed into an evidence classifier to decide the
likelihood of sentence xi being the evidence of relation decisions of entity pair
es, eo:

P(xi|es, eo) = sigmoid(xxx⊤
i WWW vccc(s,o) + b) (3.11)

where WWW v ∈ Rd×d and b ∈ R are trainable parameters. The evidence classifier is
thus trained using the binary cross-entropy loss as below.

LER =−
∑

s̸=o,r ̸=ϵ

∑
xi∈XD

v
(s,r,o)
i ·P(xi|es, eo)+(1−v

(s,r,o)
i ) · log(1−P(xi|es, eo)),

(3.12)
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where vs,r,o
i = 1 if sentence xi is an evidence of relation triple (es, r,eo), i.e.,

xi ∈ Vs,r,o, otherwise vs,r,o
i = 0.

The overall loss function of EIDER is a weighted loss of LRE and LER:

L= LRE +λLER, (3.13)

where λ is empirically set to 0.1.
Having introduced the mechanism of evidence classifier, it is clearer why EIDER

marginalizes relation labels for each entity pair during ER. Under their design, it
is necessary to learn |R| representations for each sentence as in Equation 3.10 if
considering each relation label separately. This results in expensive computation,
given |R|= 96 in Table 3.1.

Inference-Stage Fusion EIDER proposes fuse relation prediction results from
(1) the original whole document D and (2) a group of partial documents obtained
by collecting the predicted evidence sentences. The motivation is to utilize both
the original document and predicted results from the evidence classifier. While
an ideal evidence classifier should be able to pick up exact evidence sentences
sufficient for deciding the relation of each entity pair, obtaining such a classifier
in real-world use is impractical. Therefore, predictions from the whole document
are also included to compensate for potential information loss from an un-ideal
evidence classifier.

Details of inference-stage fusion are summarized in Figure 3.3. During infer-
ence, firstly, the model receives the whole document D as the input and returns
the relation extraction and evidence retrieval results (es, r̂, eo, V̂s,r̂,o) for each en-
tity pair (es, eo). Logit yD

s,r̂,o representing the likelihood of relation (es, r̂, eo)
presents in document D is obtained from Equation 3.8.

Next, for each predicted quadruplet (es, r̂, eo, V̂s,r̂,o) ∈ PD, a partial document
D̂ is constructed by concatenating V̂s,r̂,o. D̂ is expected to contain only sentences
useful for extracting the relation (es, r̂, eo). The operation theoretically results in
|PD| partial documents, while some may be duplicated to another, i.e., containing
the same set of sentences. Each partial document D̂ is then fed into the model
to obtain relation extraction results, from which the logit yD̂

s,r̂,o for each triple
(es, r̂, eo) can be obtained.

To finally decide if (es, r̂, eo) is a valid relation triple, the logit is computed
from summing up all logits regarding (es, r̂, eo), both in the original document D
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[1] "The Archbishop" is the third episode of the first 
series of the BBC sitcom Blackadder ( The Black 
Adder ). [2] It is set in England in the late 15th century, 
and follows the exploits of the fictitious Prince Edmund 
as he is invested as Archbishop of Canterbury amid a 
Machiavellian plot by the King to acquire lands from the 
Catholic Church. [3] ... [5] Edmund, faced with the threat 
of assassination, attempts to escape to France into self-
imposed exile; and in a later scene, two drunk knights 
overhear King Richard IV exclaiming "Who will rid me 
of this turbulent priest?" [6] The words attributed to King 
Henry II which led to Becket's death in 1170, and
embark on a mission to murder Edmund. [7] …

The Archbishop

present in work: 1.34
notable work: 1.33 

[1] "The Archbishop" is the third episode of 
the first series of the BBC sitcom Blackadder
( The Black Adder ). [5] Edmund, faced with 
the threat of assassination, … King Richard IV 
exclaiming "Who will rid me of this turbulent 
priest?" [6] The words attributed to King 
Henry II which led to Becket’s death in 1170, 
and embark on a mission to murder Edmund.

The Archbishop

Evidence
Retrieval

present in work: 4.52
notable work: -2.87 

Subject: King Henry II Object: Blackadder

Input Document𝑫
Logits

Partial Document "𝐷

present in work: 5.86
notable work: -1.54 

Logits (fused)

Relation 
Extraction
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Logits

𝜏 = 0.33

Figure 3.3: An example of Inference-Stage Fushion. The fused logits are the sum-
mation of corresponding logits of the input and the partial documents.
The final prediction will be (King Henry II, present in work, Black-
adder).

and in all partial documents:

ys,r̂,o =
∑

D′∈D∪∆
yD′

s,r̂,o, (3.14)

where ∆ = {D̂1, D̂2, . . . , D̂p} are partial documents. Relation triple (es, r̂, eo) is
considered true only if the summation in Equation 3.14 surpasses the threshold
τ . Here, τ is not a fixed pre-defined hyper-parameter but a parameter chosen
to maximize the relation extraction F1 score on the development set, optimized
separately for each model.

Other Studies about ER in DocRE Apart from EIDER, several studies
have also tackled ER in DocRE. For example, Huang et al. [43] first reported
that heuristically selecting evidence sentences boosts the performance of DocRE
models. E2GRE [41] and SAIS [104] incorporate neural classifiers to retrieve
evidence together with RE automatically. Unlike EIDER, these models retrieve
evidence triple-wise, i.e., specify evidence sentences regarding each relation label.
As a result, the computation costs of training E2GRE and SAIS are higher than
that of EIDER.
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3.2.3 KD-DocRE
KD-DocRE [88] is another DocRE model based on ATLOP, which scored highest
among all DocRE models before DREEAM was published. The method addresses
only DocRE without considering the evidence through a three-fold proposal: (1)
A method for representation learning, (2) a loss function for training DocRE
models, and (3) a strategy for utilizing distantly supervised data. This subsection
details the third one, i.e., utilizing the distantly supervised data provided in
DocRED with a knowledge distillation scheme, which is the most relevant to this
study.

Knowledge Distillation KD-DocRE distills knowledge from a model trained
on human-annotated data while utilizing the distantly supervised data for train-
ing. To do so, the authors introduced two models with the same configuration,
one noted as the teacher model and the other as the student model. The teacher
model is trained on the human-annotated data, which generates soft relation
labels on distantly-supervised data. Then, the student model learns the soft
relation labels and the automatically annotated labels via distant supervision.

Specifically, the objective function is to minimize the Mean Squared Error
(MSE) between the soft labels generated from the teacher model and the pre-
dicted logits from the student model. For each entity pair (es, eo), the loss of
knowledge distillation is defined as:

LKD = MSE(yyyS
s,o,yyyT

s,o), (3.15)

where yyyS
s,o is the logits predicted from the student model and yyyT

s,o is the soft labels
generated from the teacher model.

The overall loss of the student model trained on the distantly supervised data
is thus the summation of knowledge distillation and relation extraction losses:

LS = LKD +LRE, (3.16)

where LRE represents the relation extraction loss using the automatically anno-
tated labels as the ground truth. According to the original paper, such a training
strategy outperforms that of using only LRE to train a model on the distantly-
supervised data [88].
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Figure 3.4: Annotation pipeline described in DocRED [112].

3.3 Dataset Construction
This section reviews several studies related to the second part of the dissertation,
i.e., reducing the human annotation costs of constructing a DocRE dataset with
the assistance of existing datasets in another language. To this end, the section
discusses existing DocRE datasets and their construction process. The datasets
are categorized by language, with English datasets introduced first, followed by
non-English ones. Next, the section presents existing works that use cross-lingual
techniques for structured prediction tasks. The automatically annotated dataset
mentioned in this study is constructed using a similar strategy.

3.3.1 DocRE Datasets in English
The definition of general-purpose DocRE was proposed by Yao et al. [112], along
with DocRED, a dataset constructed from the English Wikipedia. While two
document-level relation extraction datasets, namely CDR [59] and GDA [101],
have been proposed ahead of DocRED, they were collected in the biomedical
domain, thus unsuitable for developing general-purpose DocRE models.

Pipeline of Collecting DocRED Constructing DocRED involves two phases:
the entity annotation phase and the relation annotation phase. An overview is
shown in Figure 3.4. The entity annotation phase contains the following steps:

1. A pre-trained Named Entity Recognition (NER) model3 automatically de-
3https://spacy.io
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tected entity mentions in each document.

2. Human annotators reviewed the recognized entity spans, corrected the wrong
ones, and supplemented the missed ones. The annotators also merged en-
tity mentions referring to the same entity into one to conduct coreference
resolution, deciding the entity mention set Me for each entity e.

Then, the relation annotation phase was conducted with the following steps:

1. Automatic annotation based on distant supervision. Specifically, each entity
recognized in the entity annotation phase was linked to an item in Wikidata.
Then, the relation label(s) on the edge(s) connecting each entity pair were
provided as relation recommendations. They also supplemented several
recommendations from RE models, but the details are not mentioned.

2. Human annotators reviewed the recommended relation triples, corrected the
wrong ones, and supplemented the missed ones. The annotators also picked
up all sentences that support the reserved relation instances as evidence.

Limitations of DocRED A critical limitation of DocRED is that it suffers
from the false negative issue. False negative is a term used to describe when
an instance should be classified as positive but is classified as negative. In the
case of DocRED, the false negative issue means that a considerable amount of
relation instances are absent from the ground-truth annotations [44, 89, 105].

The issue of incomplete relation annotations comes from the complexity of
DocRE. A document with an average length of 200 tokens containing multiple
sentences is semantically more complex than a single sentence. The average
number of entities per document is 19.5 (ref. Table 3.1), which may comprise
a quadratic number of entity pairs, i.e., 19.5× 19.5 ≈ 380, potentially carrying
relation(s). While manually listing up all relation instances from scratch is in-
feasible, the recommendation-based annotation strategy puts annotators into a
dilemma: Compared with supplementing missing relation triples, validating the
correctness of existing triples is much easier. As a result, although instructed to
supplement missing triples, annotators tend to perform the easier goal of editing
existing ones [44].
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Improvements over DocRED Efforts have been paid to alleviate the false
negative issue of DocRED. Typically, Huang et al. [44] randomly selected 96
documents from DocRED and relabeled them from scratch, and Tan et al. [89]
revised the whole dataset as Re-DocRED with machine assistance.

Huang et al. [44] showcased that half of the relation triples remain missing
even with the recommend-revise process conducted in collecting DocRED (Fig-
ure 3.5). The missing triples were not included in the machine recommendation,
possibly due to the low frequency in Wikidata. Supporting evidence is that
for symmetric relations “present in work” and “characters”, the latter was missed
more frequently than the former. Correspondingly, “present in work” has 165,751
statements, more than the number of “characters” (147,765 statements) in Wiki-
data4. Neither did human annotators supplement the missing triples, indicating
the dilemma of the annotation scheme used in DocRED. The observation demon-
strated the limitation of automatic annotation with distant supervision.

Tan et al. [89] proposed an iterative approach to alleviating the false negative
issue of DocRED. In general, their approach consists of two steps: (1) Auto-
matically generating more relation triples using trained DocRE models and (2)
Manually verifying if each generated triple is correct. To improve the diversity of
recommendations, they trained three different DocRE models and merged predic-
tions of all models together as candidates for human verification. Relation triples
already included in DocRED were treated as correct and excluded from the re-
annotation process. Such a process yields Re-DocRED, a re-annotated version of
DocRED containing more than twice the relation triples, as in Table 1.1.

3.3.2 DocRE corpora in other languages
DocRE datasets have also been constructed in Chinese and Korean. Cheng et al.
[18] constructed HacRED from Chinese DBpedia to promote relation extraction
from complex contexts. Yang et al. [111] focused on Korean historical RE research
and constructed HistRED from a travel diary written between the 16th and 19th
centuries. These datasets, with statistics shown in Table 1.1, were constructed
independently from (Re-)DocRED with distinct domains and label sets. This, as
introduced in the previous section, results in high annotation costs and difficulty
in controlling the quality of constructed datasets.

4Source: https://prop-explorer.toolforge.org/.

35

https://prop-explorer.toolforge.org/


Apart from these studies, Cheng et al. [17] released a system for medical relation
extraction on Japanese documents, while the dataset is not publicly available.

3.3.3 Cross-Lingual Projection
The disparity in language resources between English and non-English languages
has been a long-standing issue. One of the major techniques to alleviate the
disparity is machine translation, where data can be synthesized from one lan-
guage to another with no human efforts [12, 31, 32]. This section introduces the
strategy used for tasks that involve span-level annotations, e.g., part-of-speech
tagging, semantic role labeling, or information extraction. For these tasks, merely
translating the context from one language to another does not conclude the syn-
thesizing process. An extra step needs to be conducted to project the annotation
span accordingly.

Notably, there exist two directions for annotation projection. One is to project
from a high-resource language (e.g., English) to a low-resource language (e.g.,
Arabic), with the purpose of training models that solve tasks in the low-resource
language. The other is to project from a low-resource language to a high-resource
language, with the purpose of solving the task with models trained in the high-
resource language. Both directions are feasible utilizing the same projection
methodology.

Align-Based Projection. A common approach for the annotation projection
is based on word alignment [2, 52, 69, 73, 113]. Given a dataset in the source
language src with texts and span-level annotations, the flow of obtaining a parallel
dataset in the target language tgt goes as follows:

1. Translate texts in src into tgt with a machine translator;

2. For each sentence pair in src and tgt, run a word alignment tool to obtain
the word-to-word alignment;

3. Based on the word-level alignment, apply heuristics to map the span anno-
tations from src to tgt.

Such a pipeline introduces two artifacts: a machine translator and a word aligner.
The method is thus highly sensitive to error propagation [2]. Furthermore, the
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heuristic of mapping the span annotation is non-trivial, as the alignments tend
to be non-contiguous, especially for distant language pairs [32, 118].

Mark-Based Projection. Recently, efforts have been made for alignment-free
annotation projections [16, 62, 123]. These studies remove the word alignment
from the pipeline by using placeholders. Liu et al. [62] and Zhou et al. [123]
conducted translation twice to perform cross-lingual Named Entity Recognition
with the following approach.

Consider a scenario where the target is to conduct NER in German. The
sentence is translated into English, on which English NER models can be applied.
The following showcases the alignment-free translation process, where the entity
span is marked in blue:

• Bruce Willis wurde in Westdeutschland geboren.

The pipeline of mark-based projection is:

1. Replace span with placeholder and translate:
Bruce Willis wurde in SPAN geboren. ⇒ Bruce Willis was born in SPAN.

2. Translate the span:
Westdeutschland ⇒ West German

3. Substitute the placeholder back with the translated span:
Bruce Willis was born in West German.

After the projection, the probability distribution of the label of Westdeutschland
is computed using that of West German.

Chen et al. [16] further merged these two rounds of translations into one with
a mark-then-translate strategy. The method surrounds the entity span with its
entity label and translates the sentence into another language with the label
preserved. For the same example, the original sentence is reformed as:

• Bruce Willis wurde in <LOC> Westdeutschland <\LOC> geboren.

where <LOC> represents the entity label LOCATION. A machine translator
was fine-tuned to translate the sentence directly into the target language, e.g.,
English, as:
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• Bruce Willis was born in <LOC> West German <\LOC>.

The study explored several markers, e.g., <>, [], {}, etc., concluding that XML
tags work the best with little language-specific semantic meanings.

MultiTACRED Hennig et al. [40], a multilingual version of TACRED [120], was
constructed following the same idea. They have efficiently extended the dataset
into 12 languages and confirmed its quality to be high enough even without human
modifications.
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[1] Michael Imperioli0 (born March 26 , 19661) is an American2 actor , writer and director best known for his role 
as Christopher Moltisanti3 on The Sopranos4, for which he won the Primetime Emmy Award for Outstanding 
Supporting Actor5 in a Drama Series in 20046. 
[2] He also appeared in the TV drama series Law & Order7 as NYPD8 Detective Nick Falco9. 
[3] Imperioli0 spent the 200810 – 200911 television season as Detective Ray Carling12 in the US13 version of Life on 
Mars14. 
[4] He was starring as Detective Louis Fitch15 in the ABC16 police drama Detroit 1-8-717 until its cancellation. 
[5] He wrote and directed his first feature film , The Hungry Ghosts18, in 200810. 
[6] In 201519, he starred in Mad Dogs20, a dark-comic thriller television series available for viewing on Amazon21's 
Amazon Prime subscription service22 in the U.S13 and on Shomi24 in Canada25.
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Figure 3.5: A case study of how annotations in DocRED are revised by Huang
et al. [44]. The upper part shows the original document, and the lower
part shows the annotated relation triples related to entity Michael
Imperioli. The colors of entities represent their types (PER, TIME,
ORG, LOC, MISC). Instances in DocRED rejected by annotators are
not shown in this figure.
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4 Model Construction:
DREEAM

Document-level relation extraction (DocRE) has been recognized as a more realis-
tic and challenging task compared with its sentence-level counterpart [77, 94, 112].
In DocRE, an entity can have multiple mentions scattered throughout a docu-
ment, and relationships can exist between entities in different sentences. DocRE
models are expected to apply information filtering to long texts by focusing more
on sentences relevant to the current decision of relation extraction (RE) and less
on irrelevant ones.

To this end, existing studies retrieve evidence, a set of sentences necessary for
humans to identify the relation between an entity pair [41, 43, 104, 105, 108]. The
task of retrieving evidence for relation extraction decisions is named Evidence
Retrieval (ER). Previous studies tackle ER and DocRE as separate tasks, in-
troducing extra neural network layers as evidence classifiers to learn ER. This
results in two limitations: (1) task dependencies between ER and DocRE cannot
be considered, and (2) high computation cost in training an evidence classifier.
As introduced in Section 3.2.2, the evidence classifier is typically a bilinear classi-
fier that receives entity-pair-specific embeddings and sentence embeddings as the
input. To compute the evidence score of each sentence for each entity pair, the
classifier must walk through all (entity pair, sentence) combinations. The com-
putations significantly increase memory consumption, particularly in documents
with numerous sentences and entities. Additionally, the availability of human
annotations of evidence is limited. Although silver training data for RE can be
automatically collected by distant supervision [71, 112], locating evidence for a
sliver RE instance in the document is non-trivial.

This study aims at alleviating these issues to improve the usage of ER in
DocRE. To better model the dependency between relation extraction and ev-
idence retrieval, this study proposes Document-level Relation Extraction with
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Encoder
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Gold or Silver
Evidence Distribution

Evidence Retrieval
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Document
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[𝑒!, 𝑒", 𝑒#, 𝑒$]

Supervise

Figure 4.1: Model architecture of DREEAM. Gold/silver evidence distributions
come from human-annotations/the teacher model.

Evidence-guided Attention Mechanism (DREEAM), a memory-efficient approach
for incorporating DocRE with ER. DREEAM adopts the basic structure of AT-
LOP (Section 3.2.1,[124]), a Transformer-based DocRE system widely used in
previous studies [88, 104, 105], as the backbone. An overview of DREEAM
is shown in Figure 4.1. Instead of introducing an external evidence classifier,
DREEAM directly guides the DocRE model in focusing on evidence. To this
end, the computation of entity-pair-specific local context embeddings is directly
supervised by evidence annotations. The local context embedding, formed as a
weighted sum among all token embeddings based on attention from the encoder
(Section 3.2.1), is trained to assign higher weights to evidence and lower weights
otherwise.

The proposed method can also compensate for the shortage of evidence an-
notations. Specifically, DREEAM can assign sub-optimal, i.e., silver, evidence
on massive, unlabeled data, enabling the weakly-supervised training of ER. The
data is obtained from distant supervision (machine-annotated data hereafter) and
thus is automatically annotated with relation labels but not evidence labels. This
study proposes automatically assigning evidence labels to the machine-annotated
data. To this end, a teacher model trained on human-annotated data is adopted
to retrieve silver evidence from machine-annotated data. Next, a student model
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Figure 4.2: Information flow of weakly-supervised training of both DocRE and
ER using DREEAM. Arrows represent the direction of knowledge
transfer.

is trained on the data for RE while learning ER from the silver evidence. The stu-
dent model is further finetuned on the human-annotated data to refine its knowl-
edge. Notably, the student model is expected to eventually outperform the teacher
model in both DocRE and ER. Experiments on the DocRED benchmark [112]
show that with the help of ER weakly-supervised training, DREEAM exhibits
state-of-the-art performance on both DocRE and ER. The overview of the pro-
posed weakly-supervised strategy is shown in Figure 4.2, where steps (1)(2)(3)(4)
are detailed in Section 4.1.

In short, the contributions of the model construction part are:

• The proposal of DREEAM, a memory-efficient approach to incorporate ev-
idence information directly into Transformer-based DocRE models by guid-
ing the attention. This enables updating the parameters of a DocRE model
using the evidence information.

• The state-of-the-art performance of DREEAM on both DocRE and ER.
Notably, the method is more memory-efficient than existing approaches, as
it eliminates the need for training and inference of the evidence classifier.
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• The proposal incorporates distantly supervised DocRE training with weakly
supervised ER training, enhancing performance in both tasks. This study
is the first to conduct joint training of DocRE and ER under a weakly
supervised setting.

This chapter is organized as follows. Section 4.1 presents the details of the
proposed method, Section 4.2 reports the experiment settings and results, and
Section 4.3 provides detailed analyses about various aspects of DREEAM, the
proposed method.

4.1 Proposed Method
ATLOP computes a localized context embedding based on attention weights from
the Transformer-based encoder to perform information filtering. The rationale is
that cross-token dependencies are encoded as attention weights in Transformer
layers. This study proposes DREEAM to enhance ATLOP with evidence: Besides
the automatically-learned cross-token dependencies, the attention modules are
supervised to concentrate more on evidence sentences and less on others. In this
way, the learned DocRE model can decide relation labels based on the evidence
information.

DREEAM can be employed for both supervised and weakly-supervised train-
ing, sharing the same architecture with different supervisory signals, as shown in
Figure 4.1. The pipeline for weakly-supervised training is shown in Figure 4.2,
consisted of the following steps:

1. Train a teacher model on human-annotated data with gold relations and
evidence labels.

2. Apply the trained teacher model to predict silver evidence for the machine-
annotated data.

3. Train a student model on the distantly supervised data, with ER supervised
by the silver evidence.

4. Finetune the student model on the human-annotated data to refine its
knowledge.
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The rest of this section introduces the architecture of DREEAM and how to
utilize the model for weakly-supervised training, followed by the inference process.

4.1.1 DREEAM
For each entity pair (es, eo), this study guides the importance of each token
qqq(s,o) ∈ R|TD| (Equation 3.3) with an evidence distribution to help generate
an evidence-centered localized context embedding. While qqq(s,o) yields token-level
importance for es and eo, only sentence-level evidence from human annotations
is available in DocRED. To alleviate this gap, the importance of each sentence is
computed as a sum of the weight of all its composing tokens. Specifically, for a
sentence xi ∈ XD consisting of tokens tSTART(xi), . . . , tEND(xi), the sentence-level
importance is computed as:

p
(s,o)
i =

END(xi)∑
j=START(xi)

q
(s,o)
j . (4.1)

Collecting the importance of all sentences yields a distribution ppp(s,o) ∈R|XD| that
expresses the importance of each sentence within the document.

ppp(s,o) for each entity pair (es, eo) is supervised using a human-annotated evi-
dence distribution computed from gold evidence. First, a binary vector vvv(s,r,o) ∈
R|XD| is defined for each valid relation label r∈Rs,o⊂R\{ϵ} that records whether
each sentence xi ∈ XD is evidence of the relation triple (es, r,eo) or not. For ex-
ample, if xi is evidence of (es, r,eo), then v

(s,r,o)
i is set to 1, and otherwise 0.

Next, all valid relations are marginalized and normalized to obtain vvv(s,o):

vvv(s,o) =
∑

r∈Rs,o
vvv(s,r,o)∑

r∈Rs,o
111⊤vvv(s,r,o) , (4.2)

where 111 = (1,1, . . . ,1) ∈ R|XD| is an all-ones vector. The rationale behind Equa-
tion 4.2 is that modules before the relation classifier are unaware of specific re-
lation types. This study thus guides attention modules within the encoder to
produce relation-agnostic token dependencies. Additionally, Xie et al. [105] has
mentioned that in most cases, the evidence for different relation types of an entity
pair turns out to be the same set of sentences.
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Loss Function. The objective is to guide ppp(s,o) with human evidence vvv(s,o) to
generate an evidence-focused localized context embedding ccc(s,o) ∈Rd. To achieve
this, the model is trained with Kullback-Leibler (KL) Divergence loss, minimizing
the statistical distance between ppp(s,o) and vvv(s,o):

Lgold
ER =−DKL(vvv(s,o)||ppp(s,o)). (4.3)

During training, the balance of the effect between ER loss and RE loss is
weighted using a hyper-parameter λ:

Lgold = LRE +λLgold
ER . (4.4)

4.1.2 Weakly-Supervised Training with DREEAM
The teacher model trained on human-annotated data supports weakly-supervised
DocRE and ER training on massive, unlabeled data. The data, obtained from
relation distant-supervision [71], contains noisy RE labels but no ER information.
A student model is trained on the data. Supervision of the student model, similar
to that of the teacher model, consists of two parts: an RE loss and an ER loss.

In general, predictions from the teacher model are adopted as the supervisory
signal for ER training. First, the teacher model infers on the machine-annotated
data with only DocRE annotations but not evidence annotations, thereby yield-
ing an evidence distribution over tokens q̂qq(s,o) for each entity pair (es, eo). The
distributions are regarded as silver evidence annotations. Next, the student model
is trained to reproduce q̂qq(s,o) for each entity pair (es, eo).

Loss Function. The objectives of weakly-supervised training are identical to
those of supervised training. The student model is trained using a KL-divergence
loss similar to Equation 4.3 to learn ER:

Lsilver
ER =−DKL(q̂qq(s,o)||qqq(s,o)), (4.5)

where qqq(s,o) is the student model’s evidence distribution over tokens regarding
entity pair (es, eo), computed from Equation 3.3.

There are two notable differences between Lsilver
ER and Lgold

ER .
Firstly, the supervisory signal of Lgold

ER is sentence-level, while that of Lsilver
ER is

token-level. The gap results from the availability of token-level evidence distribu-
tions. On human-annotated data, it is untrivial to obtain token-level evidence dis-
tributions from sentence-level annotations automatically. On machine-annotated
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data, however, the evidence distribution over tokens can be easily obtained from
predictions of the teacher model. This study thus adopts token-level evidence
distributions in Lsilver

ER to provide supervision from a micro perspective for weakly-
supervised ER training.

Secondly, Lgold
ER is computed only on entity pairs with valid relation(s), while

Lsilver
ER is computed over all entity pairs within the document. The design choice

is based on the low reliability of relation labels on machine-annotated data. As
these relation labels are collected automatically, some annotated relations may be
underivable given the contents of the document. Therefore, it is hard to tell which
relations are valid and which are not from the automatic annotations. For this
reason, the loss is computed from all entity pairs to prevent missing important
instances.

The overall loss is balanced by a hyper-parameter λ′ similarly to that in Equa-
tion 4.4:

Lsilver = LRE +λ′Lsilver
ER . (4.6)

Empirically, the model performs best when λ′ = λ.
After training on the machine-annotated data, the student model is further

finetuned using the human-annotated data to refine its knowledge about DocRE
and ER with reliable supervisory signals. As a result, the student model is
expected to outperform the teacher model because the former is trained on both
human-annotated and machine-annotated data.

4.1.3 Inference
This study follows ATLOP to apply adaptive thresholding to obtain RE predic-
tions. Specifically, relation classes with scores higher than the threshold class are
selected as predictions. For ER, static thresholding is applied to choose sentences
with importance higher than a pre-defined threshold as evidence.

The inference-stage fusion strategy proposed by Xie et al. [105] is adopted
during inference, which has been detailed in Section 3.2.2.

4.2 Experiments
Experiments are conducted to evaluate the effectiveness of DREEAM.
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DocRED Re-DocRED
# Documents 3,053 + 998 3,053 + 1,000
# Relation Types 96 96
# Relation Triples 50,455 120,664
# Relation Triples with no Evidence Annotations 1,908 (3.8%) 58,384 (48.4%)

Table 4.1: Comparison of statistics between DocRED and Re-DocRED, with the
blind test set of DocRED excluded.

4.2.1 Settings
Dataset. Experiments are conducted mainly on DocRED [112]1. As shown
in Table 3.1, DocRED contains a small portion of human-annotated data and
a large portion of machine-annotated data made by aligning Wikipedia articles
with the Wikidata knowledge base [96]. On the other hand, the false-negative
issue in the human-annotated data has been pointed out in recent studies [44, 89].
The dataset introduced to alleviate the issue is Re-DocRED, whose statistics are
shown in Table 4.1. Notably, Re-DocRED supplements DocRED with relation
instances but not evidence instances, making it unsuitable for training and eval-
uating evidence retrieval. DREEAM is also evaluated on Re-DocRED.

Computation Resources. Following previous studies, DREEAM is evaluated
when using BERTbase [28] and RoBERTalarge [64] as the Pretrained Language
Model (PLM) encoder, separately. When training and evaluating DREEAM on
top of BERTbase, a single Tesla V100 16GB GPU is utilized. For RoBERTalarge,
a single NVIDIA A100 40GB GPU is utilized.

Implementation. The implementation utilizes the Hugging Face’s Transform-
ers [100] library, based on the code of ATLOP [124]. However, as mentioned in
Section 3.2.1, DREEAM differs from ATLOP in the computation of the token
embeddings HHH and the cross-token dependencies AAA. Specifically, ATLOP utilizes
the last layer of the PLM encoder to compute these matrices, while DREEAM
utilizes an average of the last three layers.

1https://github.com/thunlp/DocRED
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Training. As mentioned in Section 4.1, a hyper-parameter λ is introduced to
balance the influence between DocRE and ER training. The hyper-parameter
is tuned together with the learning rate lr using Grid Search, where the value
yielding the best performance on the development set is chosen. After searching
from λ ∈ {0.05, 0.1, 0.2, 0.3} and lr ∈ {5e-5, 1e-4, 5e-4}, λ is set to 0.1 for
BERTbase and 0.05 for RoBERTalarge. After applying the same hyper-parameter
search on the student model, the best performance is achieved when λ = λ′.
When fine-tuning the student model on the human-annotated data, this study
fixes λ and only searches the learning rate from {1e-6, 3e-6, 5e-6}. The optimizer
is AdamW [66], with a linear warmup for the learning rate applied at the first
6% steps. Details about hyper-parameters and training time are provided in
Section 4.2.4.

Evaluation. During inference, sentences xi with pi > 0.2 computed from Equa-
tion 4.1 are retrieved as evidence, where the hard threshold 0.2 is tuned based on
the performance on the development set. For the evaluation, the official evalua-
tion metrics of DocRED are adopted, namely Ign F1 and F1 for RE and Evi F1
for ER [112]. Ign F1 is measured by removing relations present in the annotated
training set from the development and test sets. The reported scores are averages
(and standard errors) over 5 models initialized with different random seeds.

4.2.2 Results: DocRED
Table 4.2 lists the performance of the proposed and existing methods. The best-
performing model on the development set is selected to make predictions on the
test set and submit the predictions to CodaLab for evaluation2.

Performance of the Teacher Model. The upper half of Table 4.2 shows
that the teacher model trained on human-annotated data exhibits comparable
performance to EIDER [105] on both RE and ER. A performance gap between
DREEAM and SAIS is also observed, which can be attributed to the difference in
supervisory signals. While DREEAM incorporates RE with only relation-agnostic
ER, SAIS is trained under three more tasks: coreference resolution, entity typing,

2https://codalab.lisn.upsaclay.fr/competitions/365. Submissions under username
kgmr15 are from this study.
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and relation-specific ER [104]. These extra supervisory signals possibly contribute
to the high performance of SAIS. Apart from the performance, the proposed
method has a critical advantage over previous ER-incorporated DocRE systems
in memory efficiency. A detailed discussion is provided in Section 4.3.2.

Performance of the Student Model. Table 4.2 shows that the student model
outperforms existing models on RE by utilizing machine-annotated data. In par-
ticular, when adopting BERTbase as the PLM encoder, DREEAM performs better
than KD-DocRE [88], the previous state-of-the-art system, by 0.6/1.0 points on
Ign F1/F1 for the development set. On the test set, the improvement reaches
1.1 F1 points on both Ign F1 and F1. Notably, DREEAM utilizing BERTbase
even performs comparably with SSAN utilizing RoBERTalarge under the weakly-
supervised setting [106]. When adopting RoBERTalarge as the PLM encoder, the
advantage of DREEAM remains on both development and test sets. These re-
sults support our hypothesis that weakly-supervised training with ER improves
RE, which has not been demonstrated by any previous study.

Additionally, the student model leads the existing models by a large margin
on ER. As the first approach enabling weakly-supervised ER training, DREEAM
utilizes considerable amounts of data without evidence annotation via weakly-
supervised training. The experimental results reveal that DREEAM improves
over the state-of-the-art supervised approaches by approximately 2.0 points on
Evi F1. Therefore, it is fair to conclude that the proposed approach to ER
weakly-supervised training succeeds in acquiring evidence knowledge from the
relation-machine-annotated data with no evidence annotation.

4.2.3 Results: Re-DocRED
As shown in Table 4.1, compared with DocRED, the training set of Re-DocRED
contains many more relation triples without evidence sentences. DREEAM trained
on Re-DocRED could thus be inaccurate on ER, being biased by the considerable
amount of missing evidence. Therefore, evaluating ER using Re-DocRED could
be sub-optimal, and this section only reports the DocRE results that are eval-
uated on Re-DocRED. For the same reason, during weakly-supervised training
of the student model, token evidence distributions predicted by a teacher model
trained on DocRED are adopted as the supervisory signal. The student model is
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Method Ign F1 F1
(a) without machine-annotated data
ATLOP [124] 76.82 77.56
DocuNet [119] 77.26 77.87
KD-DocRE [88] 77.60 78.28
PEMSCL [37] 79.02 79.01
DREEAM 77.34±0.19 77.94±0.15

+ Inference-Stage Fusion 79.66±0.39 80.73±0.38

(b) with machine-annotated data
ATLOP* [124] 78.52 79.46
DocuNet* [119] 78.52 79.46
KD-DocRE* [88] 80.32 81.04
DREEAM* 78.67±0.17 79.35±0.18

+Inference-Stage Fusion 80.39±0.03 81.44±0.04

Table 4.3: Evaluation results on the test set of Re-DocRED, with best scores
bolded. PLM encoder is aligned to RoBERTa-large. The scores of
existing methods are borrowed from Tan et al. [89]. Models with an
asterisk (*) are trained using both manually and automatically anno-
tated data.

further finetuned on Re-DocRED to obtain more reliable knowledge about RE.
Similar to Section 4.2.2, experiments are conducted under two different set-

tings: (a) a fully-supervised setting without machine-annotated data, and (b) a
weakly-supervised setting utilizing machine-annotated data. Table 4.3 compares
the performance of DREEAM against existing methods. DREEAM outperforms
existing methods in both fully and weakly supervised settings. As Re-DocRED
is regarded as a more robust benchmark, the superiority of DREEAM on Re-
DocRED further indicates its soundness.

4.2.4 Hyper-Parameters and Runtime
Important hyper-parameters are shown in Table 4.4, mainly borrowed from ex-
isting studies. Specifically, hyper-parameters are borrowed from Zhou et al. [124]
to train the teacher model and from Tan et al. [88] to train and finetune the stu-
dent model. The only exception is the number of epochs for training the student
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Train (teacher) Train (student) Finetune (student)
Hparams. Bb Rl Bb Rl Bb Rl
# Epoch 30 30 2 5 10 10
lr for encoder 5e-5 3e-5 3e-5 1e-5 1e-6 1e-6
lr for classifier 1e-4 1e-4 1e-4 5e-5 3e-6 3e-6

Table 4.4: Hyper-parameters (Hparams.) in training. Bb and Rl represents
BERTbase and RoBERTalarge, respectively.

Phase BERTbase RoBERTalarge

Train (teacher) 1h18min 1h18min
Train (student) 2h55min 6h12min
Finetune (student) 26min 29min

Table 4.5: Runtime for each training stage.

model, which is determined by a grid search from {2,5,8,10}.
The average running time spent for the proposed method at each training

stage is shown in Table 4.5. Notably, a single Tesla V100 16GB GPU is employed
when utilizing BERTbase, and a single NVIDIA A100 40GB GPU is employed
when utilizing RoBERTalarge.

4.3 Analysis

4.3.1 Ablation Studies
This subsection investigates the effect of evidence-guided attention by ablation
studies. All subsequent experiments adopt BERTbase as the PLM encoder. All
scores are obtained without the inference-stage fusion strategy.

Teacher Model. The first goal is to examine how guiding attention with evi-
dence helps RE training on human-annotated data. To this end, a variant of the
teacher model is trained on DocRE only, whose performance is evaluated on the
DocRED development set. In general, disabling ER training reduces the model
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Setting Ign F1 F1 Evi F1
(a) Teacher Model, training documents: 3,053
DREEAM 59.60±0.15 61.42±0.15 52.08±0.10

w/o ER training 59.21±0.19 61.01±0.20 42.79±1.65

(b) Student Model, training documents: 104,926
DREEAM 63.47±0.02 65.30±0.03 55.68±0.04

w/o ER self-training 61.96±0.39 63.77±0.44 53.72±0.43

w/o ER fine-tuning 63.34±0.02 65.50±0.02 55.27±0.05

w/o both 62.13±0.07 63.82±0.08 47.13±0.12

Table 4.6: Ablation studies evaluated on the DocRED development set.

to a baseline similar to ATLOP [124]3.
As presented in the Ign F1 and F1 columns of Table 4.6a, the RE perfor-

mance of DREEAM decreases without ER training. This observation supports
the hypothesis that guiding attention with evidence improves RE. To investigate
the effect of evidence-guided training, a case study is conducted in Section 4.3.8,
where the token importance qqq(s,o) for several instances are visualized. The visual-
ization demonstrates that DREEAM successfully guides attention to focus more
on relevant contexts.

Notably, even with the ER training completely disabled, the performance on
ER still scores at an average of 42.79. The evaluation is conducted by retrieving
sentences with importance higher than the pre-defined threshold, i.e., 0.2, in the
ER-disabled model. This observation indicates the intrinsic task dependency
between DocRE and ER.

Student Model. The second goal is to investigate the influence of training
on the machine-annotated data (Equation 4.5) and finetuning on the human-
annotated data (Equation 4.3). To this end, ER supervisory signals are gradually
removed from the student model during the training on machine-annotated and
human-annotated data. The baseline excludes ER supervision from both stages,
pre-trained on machine-annotated data with only the RE loss and then finetuned
on human-annotated data for only RE.

3The difference between ATLOP and this baseline is that the latter utilizes the last three layers
of PLM to obtain embeddings, whereas ATLOP adopts only the final layer.
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As shown in Table 4.6b, disabling ER training on machine-annotated data
results in a huge performance drop on both DocRE and ER. This suggests that the
knowledge related to ER has been effectively transferred from the teacher model
to the student model via the silver evidence. On the other hand, disabling ER fine-
tuning on human-annotated data exhibits a limited impact on performance. This
is likely due to the difference in data scale. As shown in Table 3.1, the machine-
annotated data is vastly larger in scale compared to the manually labeled data.
Therefore, while there could be noise in the automatically assigned evidence,
learning from silver evidence annotations includes a significant amount of useful
information for solving the task, contributing greatly to the final performance.

Furthermore, the model trained with ER weakly-supervised training disabled
(the second row in Table 4.6b) underperforms that trained with no ER loss at
all (the last row in Table 4.6 (b)). The former setting is also featured with
high standard deviations, with the run-scoring highest in relation to F1 outper-
forming that of the latter (61.96+0.39=62.35 v.s. 62.13+0.07=62.20). A possi-
ble explanation is that training the model without evidence information on the
machine-annotated data has biased the attention module in a direction different
from the evidence, which makes ER finetuning on gold evidence less stable and
difficult to fit both sets of data. Therefore, training ER with silver evidence on
machine-annotated data contributes to obtaining models with consistently high
performance. These findings reaffirm the importance of weakly-supervised ER
training.

4.3.2 Parameters, Memory Efficiency, and Inference Time
This subsection discusses the memory inefficiency issue in previous ER approaches
and shows how DREEAM solves it.

Memory Efficiency. Previous approaches regard ER as a separate task from
RE that requires extra neural network layers to solve [41, 104, 105]. To perform
ER, they all introduce a bilinear evidence classifier that receives an entity-pair-
specific embedding and a sentence embedding as inputs. For example, EIDER
computes an evidence score for sentence xi concerning entity pair (es, eo) as in
Equation 3.11. EIDER and other existing systems thus need to compute over all
combinations of (sentence, entity pair).
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Computational Trainable Memory
Method Complexity Params. (M) (GiB)
(a) without ER Module
ATLOP [124] O(m2d2r/k) 115.4 10.8
SSAN [106] O(m2d2r/k) 113.5 6.9
KD-DocRE [88] O(m2d2r/k) 200.1 15.2
(b) with ER Module
EIDER [105] O(m2d2r/k)+O(nm2d2/k) 120.2 43.1
SAIS [104] O(m2d2r/k)+O(nm2d2r/k) 118.0 46.2
DREEAM (proposed) O(m2d2r/k)+O(nm2l) 115.4 11.8

Table 4.7: Computational complexity, trainable parameters, and memory con-
sumption of DREEAM and existing methods. m is the number of
entities, d is the dimension of token embeddings, k is the number of
groups in the group bilinear classifier, r is the total size of the relation
label set (97 for (Re-)DocRED), n is the number of sentences, and l is
the length of the document.

Specifically, consider a document D with n sentences XD = {x1,x2, . . . ,xn} and
m entities ED = {e1, e2, . . . , em}, yielding m× (m− 1) entity pairs. The longest
sentence in D has l tokens in total. To obtain evidence scores, EIDER must
perform bilinear classification n×m× (m−1) times via Equation 3.11, resulting
in huge memory consumption of time complexity O(nm2d2). In actual computa-
tion, k group bilinear classifiers are adopted for approximate computation that
reduces computational complexity to O(nm2d2/k). In contrast, DREEAM takes
the summations of attention weights over tokens within each sentence as evidence
scores via Equation 4.1, with the time complexity being O(nm2l). As d2/k≫ l,
it is clear that the EIDER is more computationally costly than DREEAM4.

Table 4.7 summarizes the computational complexity, the number of trainable
parameters, and the memory consumption during inference for existing and pro-
posed methods. The PLM encoder is aligned to BERTbase, and evaluations are
made using a single NVIDIA RTX A6000 48GB GPU. Values are measured when
training the models using the corresponding official repositories with a batch

4For experiments using BERTbase as the encoder on DocRED, d = 768, k = 16 and l ≤ 512.
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Method Inference Strategy Inference Time Memory
(ms/document) (GiB)

EIDER [105] parallel 28.1 43.1
sequential 61.0 7.4

SAIS [104] parallel 155.0 46.2
sequential 286.0 12.7

DREEAM parallel 16.0 11.8

Table 4.8: Inference time and memory consumption of existing methods and the
proposed method (DREEAM). For EIDER and SAIS, the sequential
inference is custom-implemented.

size of four5. As shown in the Table, the memory consumption of DREEAM
is only 27.4% of EIDER and 25.5% of SAIS, which is a great advantage. No-
tably, DREEAM also consumes less memory than KD-DocRE, underscoring its
memory efficiency. To clarify, the increase in memory consumption from AT-
LOP to DREEAM is because DREEAM utilizes the last three layers of PLM for
embedding computation, while ATLOP adopts only the final layer. These obser-
vations demonstrate that, compared with existing methods, DREEAM exhibits
comparable or better performance with less computation costs.

Saving Memory by Sequential Inference. On the other hand, it is possible
to reduce the memory cost of existing studies by modifying the implementation
and retrieving evidence of each entity pair sequentially rather than in parallel.
However, for a document containing m entities, sequential inference of ER re-
quires at least n×m× (m− 1) runs, significantly increasing the inference time.
Table 4.8 shows the memory usage and inference time when performing sequential
inference of ER with existing methods. While the inference time per document
for DREEAM is 16.0 milliseconds, sequential inference of EIDER and SAIS takes
61.0 and 286.0 milliseconds, respectively. Here, for EIDER, the inference speed
is measured on the whole document with no inference stage fusion; for SAIS, the
inference time is longer as the method retrieves evidence independently for each
relation label.

5The value of EIDER is different from the original paper because we enable ER evaluations
during training.
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While sequential inference reduces the memory consumption of existing meth-
ods, it significantly reduces the inference speed. Although utilizing mini-batching
can accelerate the inference speed of existing methods, it is unlikely to be faster
than DREEAM because mini-batch inference is slower than parallel inference.
The proposed method thus strikes a better balance between time and space trade-
offs than existing methods.

Additionally, the memory consumptions of EIDER and SAIS are reduced greatly
by sequential inference of ER. This suggests that the primary cause for the high
memory consumption of these models is the evidence classifier, which further
highlights the advantage of the proposed method in eliminating the need for an
evidence classifier.

4.3.3 Evidence Retrieval and Inference Stage Fusion
Motivation. In Table 4.2 and 4.3, the performance of the proposed method
is boosted after applying Inference Stage Fusion (ISF). As introduced in Sec-
tion 3.2.2, ISF is an ensemble technique that utilizes the predicted results of ER.
Therefore, it is fair to hypothesize that the usefulness of ISF is positively related
to the accuracy of ER. To be more specific, if the accuracy of ER is high, only the
sentences that have a decisive impact on the relation extraction will be retrieved
as evidence, resulting in partial documents that integrate useful information.
Combining the relation predictions from these accurate partial documents with
those from the original document can improve the performance of DocRE.

To verify the hypothesis, it is necessary to explore: does the performance im-
provement come from the information filtering effect of accurate ER? or does it
simply come from the data augmentation effect from combining multiple predic-
tion results?

Approach. This study modifies the contents of partial documents to find an
answer. Specifically, for document D, three partial document sets are constructed
as below:

• Predicted Evidence ∆: Partial documents constructed by collecting sen-
tences in Vs,r̂,o from all instances (es, r̂, eo,Vs,r̂,o) predicted by DREEAM.
This is the real setting used in Section 4.2.
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Inference Target Ign F1 F1
Original Document D 59.62±0.14 61.43±0.16

Original Document D + Predicted Evidence ∆ 60.45±0.13 62.47±0.16

Original Document D + Gold Evidence ∆gold 60.77±0.11 62.72±0.21

Original Document D + Random Evidence ∆rand 59.70±0.28 61.81±0.25

Table 4.9: Relation Extraction performance on DocRED development set of each
combination of partial documents. The PLM Encoder is BERTbase.

• Gold Evidence ∆gold: Partial documents constructed by collecting sen-
tences in Vs,r,o from all instances (es, r,eo,Vs,r,o) in human annotations. This
is the oracle setting where a perfect evidence retriever yields 100% correct
evidence predictions. It is unlikely to obtain ∆gold in practical applications.

• Random Evidence ∆rand: Partial documents constructed by collecting
random sentences. The total number of partial documents |∆rand| is aligned
with that of the predicted evidence set |∆|. For each partial document
D̂rand

i ∈ ∆rand, make sure there D̂i ∈ ∆ such that they contain the same
number of sentences |D̂rand

i | = |D̂i|. This is the setting where a model
retrieves evidence randomly.

As shown in Table 4.9, ISF with random evidence ∆rand yields the lowest
performance. Here, as |∆rand|= |∆| and ∀i, |D̂rand

i |= |D̂i|, the difference in data
scale between the partial document sets has been controlled, suggesting that the
performance gap is due to the contents of the partial documents. This indicates
that the contribution of ISF to improving DocRE is not merely due to data
augmentation with partial documents.

On the other hand, ISF with gold evidence ∆gold yields the highest perfor-
mance. This suggests that ER with high accuracy is crucial for leveraging
the effectiveness of ISF, which supports the hypothesis raised in this section.
DREEAM, as the state-of-the-art model in ER, can harness the benefits of ISF,
where its superiority can again be witnessed.

4.3.4 Validity of Silver Evidence
This section performs a sanity check about using token importance as silver ev-
idence. To this end, a variant of the student model is trained under a different
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Supervisory Signal Ign F1 F1 Evi F1
Token Importance 63.94 65.90 55.87
Token Importance + Random Noise 63.53 65.56 55.43
Random Noise 61.98 64.10 53.34
Disabled 62.10 64.22 53.22

Table 4.10: Performance of the student model on the development set of DocRED
when supervised with different silver evidence distributions.

supervisory signal during the weakly-supervised training phase. For each entity
pair (es, eo), the supervision of the evidence distribution over tokens q̂qq(s,o) is per-
turbed with a randomized noise function. The noise is generated obeying the
normal distribution N (0,1), after which the student model is further fine-tuned
on the human-annotated data. Experiment results are shown in Table 4.10.

As in the table, when perturbed with random noise, model performance de-
creases for both DocRE and ER. The decrease verifies that token importance
is beneficial in supervising the training of ER. When replacing the supervisory
signal totally with random noise, the final performance of the model exhibits a
similar level of performance to that trained with ER training disabled6. For rela-
tion F1, the model trained under the supervision of random noise underperforms
that trained with ER supervision disabled. This observation indicates that an
inefficient supervisory signal for weakly-supervised training contributes little to
the final performance. In contrast, token importance improves the final model
performance, demonstrating its effectiveness in supervising ER. The validity of
silver evidence using token importance has thus been confirmed from this series
of experiments.

4.3.5 Evaluation of Evidence Retrieval
Table 4.2 shows that the F1 score for evidence retrieval is only slightly over
50, even with DREEAM, the state-of-the-art method. While the absolute value
is low, previous studies have pointed out that the evaluation metric for evidence
retrieval proposed by DocRED over-penalizes models [105]. This section evaluates
the performance of ER using a more appropriate metric.

6The scores differ slightly from those in Table 4.6 due to the randomness.
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To this end, it is necessary to explain the evaluation metric of ER adopted by
DocRED first. For each predicted quadruplet (es, r̂, eo, V̂s,r̂,o), the performance of
ER is evaluated in conjunction with that of DocRE. Specifically,

• When relation r̂ is a correct extraction, there is a corresponding quadruplet
(es, r̂, eo,Vs,r̂,o) in the human annotations, with Vs,r̂,o being the ground-
truth of ER. Therefore, the intersection Vs,r̂,o∩V̂s,r̂,o represents those sen-
tences correctly extracted as evidence.

• When relation r̂ is an incorrect extraction, it is impossible to find a cor-
responding quadruplet in the human annotations. Therefore, all sentences
x ∈ V̂s,r̂,o are regarded as incorrect extractions.

The F1 score of ER is then computed from all predicted quadruplets. However,
as the above process indicates, ground-truth evidence is only defined for ground-
truth relations. As a result, two kinds of errors will occur corresponding to the
error of relation extraction:

• If a model predicts a wrong relation r̂ between an entity pair es, eo, then all
sentences in the evidence V̂s,r̂,o corresponding to r̂ are regarded as incorrect.
This contributes to false-positive predictions, decreasing the precision of ER
evaluation.

• If a model fails to detect a relation r between an entity pair es, eo, the
evidence Vs,r,o will not be included in the evaluation of ER. This contributes
to false-negative predictions, decreasing the recall of ER evaluation.

In short, the evaluation of ER is highly in conjunction with that of DocRE:
Models with higher performance on DocRE tend to score higher on ER as well.
The evaluation metric of ER adopted in DocRED, therefore, is unsuitable for
measuring purely the performance of ER.

To separate the impact of DocRE from the evaluation of ER, Xie et al. [105]
proposed PosEvi F1. PosEvi F1 focuses solely on relation triples (es, r̂, eo) that
are correctly predicted by the model and measures how accurately their evidence
Vs,r̂,o is retrieved. Relation triples wrongly predicted by the model, i.e., false-
positives, and relation triples in the ground-truth annotation but failed to be
extracted by the model, i.e., false-negatives, are ignored during the evaluation.
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Evi F1 PosEvi F1
Pre. Rec. F1 Pre. Rec. F1

EIDER 52.72 46.56 49.72 83.24 83.19 83.21
DREEAM 59.63 46.25 52.10 92.03 82.94 87.25

Table 4.11: Evidence Retrieval performance on DocRED development set when
using different evaluation metrics. Pre. and Rec. represent Preci-
sion and Recall, respectively. The PLM Encoder is BERTbase.

Rel Ign F1 (ISF) Rel Ign F1 Evi F1
0(0%) 59.98 59.14 43.30
30(1%) 60.45 59.32 48.85
305(10%) 60.28 59.46 50.92
915(30%) 60.45 59.49 51.64
1,526(50%) 60.45 59.49 51.89
2,137(70%) 60.33 59.45 51.91
2,747(90%) 60.45 59.52 52.05
3,053(100%) 60.77 59.62 52.10

Table 4.12: Performance of DREEAM on DocRED development set when varying
the number of documents used for ER training.

The results are shown in Table 4.11, where the performance of EIDER is based
on reproducibility experiments.

Table 4.11 demonstrates that both EIDER and DREEAM score higher than
80 when evaluated with PosEvi F1. The observation showcases the capability
of both methods in retrieving correct evidence for correctly-predicted relation
triples. However, even when utilizing DREEAM for ER, the F1 score is lower
than 90, which shows the difficulty of perfect evidence retrieval. Notably, while
the performance gap between EIDER and DREEAM is 2.38 when evaluating with
Evi F1, the gap goes up to 4.04 when evaluating with PosEvi F1. Therefore,
DREEAM, the proposed method, further exhibits its superiority in retrieving
evidence for correctly predicted relation triples.
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Figure 4.3: Evidence F1 of DREEAM when varying the number of documents
used for ER Training.

4.3.6 Amount of Data For Training Evidence Retrieval
As shown in Section 4.3.1, training ER helps improve DocRE. Section 4.3.3 con-
firms that high-performance ER can harness the benefits of Inference Stage Fu-
sion. However, it is costly to manually annotate evidence, resulting in a limited
number of human annotations. This section investigates the relationship between
the number of training instances used for ER and the model performance. The
aim is to determine the minimum data required to retrieve evidence of DocRE
fairly accurately.

Figure 4.3 and Table 4.12 report DREEAM’s performance in ER when varying
the number of documents used for ER training. Note that for DocRE, all available
training documents are utilized, and ISF is conducted during inference. The PLM
is BERTbase.

The experiment results show a significant improvement in ER performance
as the number of documents used for ER training increases from 0 to 1,526 (i.e.,
50% of the total training set). However, when further increasing the training data
beyond 1,526 documents, the performance improvement is subtle, eventually sta-
bilizing at almost the same level7. This suggests that DREEAM can retrieve

7Note that although the setting of using all documents for ER training aligns with that in
Section 4.2.2, the reported value differs due to the randomness.
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Figure 4.4: Evidence F1 of DREEAM when varying the number of documents
used for ER Training.

evidence with reasonable accuracy even with reduced training data. Addition-
ally, the greatest performance improvement can be observed when increasing the
training data from 0 to 30 documents (i.e., 1% of the total training set). The
observation indicates that guiding attention with evidence is effective even with
a tiny training data set.

It is also interesting to investigate how the amount of data used in the weakly
supervised setting influences the final performance of ER. To this end, a similar
series of experiments are conducted where instances utilized for ER training are
limited during weakly-supervised training. Specifically, modifications are made
in Step (3) of Figure 4.2, where only a pre-determined fraction of the training
instances with silver evidence contribute to ER training. The student model is
further finetuned using the human-annotated data as in Step (4). Evaluation
results are plotted in Figure 4.4. From the figure, a similar tendency can be
observed that increasing the number of training instances benefits performance
the most when the amount of resources is limited. This observation supports that
the proposed weakly-supervised strategy can effectively utilize unlabeled data for
ER training, even when the number of instances is limited. Additionally, the
tendency in Figure 4.4 is less stable compared to that of Figure 4.3, indicating
that supervision using gold annotations is more reliable than that using silver
annotations.
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Based on the above analysis, it can be confirmed that DREEAM can achieve a
certain level of accuracy even when the amount of data for ER is limited, under
both fully-supervised and weakly-supervised settings.

4.3.7 Evidence Distribution of Triples
DREEAM and other methods tackling DocRE and ER jointly assume that evi-
dence annotations provide a meaningful set of sentences Vs,r,o that indicate the
relation triple (es, r,eo). A trivial heuristic for deciding the evidence is to select
all sentences explicitly mentioning entities es and eo. Such a heuristic results in
two kinds of errors:

• False-Positives: Non-evidence sentences that mention the subject or ob-
ject entity are included in the evidence set;

• False-Negatives: Evidence sentences that do not mention both the subject
and object entities are excluded from the evidence set.

To provide a concrete example, when considering the triple demonstrated in Fig-
ure 1.3, a trivial evidence annotation will be {1,2,5,6}, where sentence 1 contains
the mention of the object entity Blackadder and sentences 2,5,6 contain the men-
tions of the subject entity Prince Edmund.

While such risks exist in collecting evidence annotations, no information is pro-
vided in the original paper of DocRED describing how they are mitigated during
the annotation process [112]. If all annotators follow this heuristic for annotating
evidence, the annotations will deviate from the initial goal of collecting evidence
annotations, which is to assist in locating information necessary for relation ex-
traction. On the other hand, if a model merely follows this heuristic for predicting
evidence, it should be considered sub-optimal since it fails to filter information
effectively. This section looks into the distribution of manually annotated and
predicted evidence sentences to evaluate the effort exerted by annotators and
models in evidence retrieval.

Positive Evidence. This study divides positive evidence into two types:

• Explicit Evidence defined as evidence sentences that explicitly mention
the corresponding subject or object entity;
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Explicit Evidence Implicit Evidence
Total True (%) Total True (%)

Annotated 18,133 18,133 (100%) 1,324 1,324 (100%)
EIDER 15,436 5,831 (37.78%) 1,586 65 (4.62%)
DREEAM 14,778 6,825 (46.18%) 323 36 (11.15%)

Table 4.13: Number of intra and extra evidence sentences from human annota-
tions and model predictions.
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Figure 4.5: Percentage of non-evidence sentences mentioning corresponding enti-
ties on the development set of DocRED.

• Implicit Evidence defined as evidence sentences that do not mention the
corresponding subject or object entity.

Table 4.13 shows the statistics of explicit and implicit evidence of human an-
notations and model predictions. EIDER and the proposed method DREEAM
are selected as the representatives. Several observations can be made from the
table. Firstly, human annotations yield significantly more explicit than implicit
evidence. The result indicates that, in most cases, relation extraction decisions
are based on explicit rather than implicit evidence. Secondly, the accuracy of
model predictions on implicit evidence is significantly lower than on explicit evi-
dence. This demonstrates the difficulty of identifying implicit evidence. Finally,
compared with EIDER, DREEAM yields more accurate predictions for both ex-
plicit and implicit evidence. The finding underscores the superiority of DREEAM
in evidence retrieval.
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Figure 4.6: Evidence distribution of relation triples on the development set of
DocRED. Only the number of relation triples in human annotations
are labeled in the figure for clarity.

Negative Evidence. Next, this study examines how many non-evidence sen-
tences containing a corresponding entity mention are removed in human anno-
tation and model predictions, with results shown in Figure 4.5. For each triple
(es, r,eo), the figure reports the percentage of sentences that mention es or eo but
are not included in the evidence set Vs,r,o, relative to all sentences mentioning es

or eo.
In both human annotations and model predictions, more than 30% of the sen-

tences mention corresponding entities but are excluded from the evidence. This
suggests that the false-positive problem mentioned earlier in this section may not
be severe.

Finally, Figure 4.6 depicts the distribution regarding the number of evidence
sentences in human annotations and model predictions. The number of evidence
sentences in human annotations ranges from 0 to 9, primarily concentrated be-
tween 0 and 3. Model predictions share a similar tendency as the human annota-
tions, while EIDER yields significantly more relation triples with only 1 evidence
sentence. Notably, some relation triples have an empty set of evidence in human
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annotations. This observation applies to predictions from EIDER but does not
hold true for DREEAM. Examining relation triples with an empty evidence set in
human annotations reveals a common characteristic: they often pertain to com-
mon sense. For example, the relation (Indiana State Teachers College, located
in, Indiana) can be inferred from only the lexical information as they share the
same word “Indiana”. Therefore, annotators might have left the evidence empty,
assuming that no additional information from the document was necessary.

4.3.8 Visualization: Evidence-Guided Attention
This section investigates the influence of the proposal: guiding attention with
evidence from case studies. As introduced in Section 4.1.1, evidence knowledge
of DREEAM originates from sentence-level supervision. This study hypothesizes
that sentence-level supervision, from a more macro perspective, should improve its
micro counterpart of token-level focusing. To test the hypothesis, this study looks
into the token-level importance distribution for localized context pooling qqq(s,o),
computed from Equation 3.3, before and after evidence-guided training. Specif-
ically, qqq(s,o) ∈ R|TD| with and without evidence-guided training are visualized as
heatmaps using the toolkit developed by Yang and Zhang [110]. The distribu-
tion without evidence-guided training is obtained from a variant of DREEAM
where the hyper-parameter controlling the influence of ER training, i.e., λ in
Equation 4.4, is set to 0.

Cases when the extracted relation is correct. Figure 4.7 shows an example
of heatmaps when the relation is correctly predicted by DREEAM.

Firstly, when focusing on the sentence level, tokens in the first and the second
sentences are assigned with higher weights after attention guidance. Given that
the ground-truth evidence is sentences 1 and 2, it is fair to conclude that the token
importance qqq(s,o) has been appropriately guided by the sentence-level teacher
signal vvvs,o as in Equation 4.3.

Secondly, when focusing on the token level, it is clear that before training the
evidence-guided attention, the model tends to focus on the period of each sen-
tence. Guiding the attention with evidence helps the model to focus more on
the critical tokens providing a clue for relation classification, e.g., fictitious in
Figure 4.7b that are related to the relation present in work. Notably, vvvs,o is a
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subject: Prince Edmund, object: position held relation: Archbishop of Can-
terbury, evidence:[1]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Prince Edmund, object: present in work relation: The Black Adder,
evidence:[0, 1]
[1]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [2] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [3] Most of the humour in the episode relies on religious satire . [4] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [5] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [6] ” * The Archbishop * ” won an * International Emmy Award
* in * 1983 * in the * Popular Arts * category . [7] The * Catholic Church *
was to be satirized again in the second series , * Blackadder II * , in the * 1986
* episode ” * Money * ” .

subject: Machiavellian, object: present in work relation: The Black Adder,
evidence:[0, 1]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Thomas Becket, object: country of citizenship relation: England,
evidence:[0, 1, 2]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Thomas Becket, object: position held relation: Archbishop of Can-
terbury, evidence:[3]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Henry II, object: country of citizenship relation: England, evi-
dence:[1, 4, 5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Henry II, object: present in work relation: The Black Adder, evi-
dence:[0, 4, 5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Archbishop, object: series relation: The Black Adder, evi-
dence:[0]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Black Adder, object: original network relation: BBC, evi-
dence:[0]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Black Adder, object: narrative location relation: England, evi-
dence:[0, 1]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Black Adder, object: has part relation: Blackadder II, evi-
dence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Richard IV, object: present in work relation: The Black Adder,
evidence:[0, 1, 4]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Becket, object: date of death relation: 1170, evidence:[5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Becket, object: present in work relation: The Black Adder, evi-
dence:[0, 1, 4, 5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Money, object: publication date relation: 1986, evidence:[7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Money, object: series relation: The Black Adder, evidence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Blackadder II, object: start time relation: 1986, evidence:[7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Blackadder II, object: follows relation: The Black Adder, evi-
dence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Blackadder II, object: series relation: The Black Adder, evi-
dence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

(a) Before attention guidance.

subject: Prince Edmund, object: position held relation: Archbishop of Can-
terbury, evidence:[1]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Prince Edmund, object: present in work relation: The Black Adder,
evidence:[0, 1]
[1]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [2] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [3] Most of the humour in the episode relies on religious satire . [4] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [5] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [6] ” * The Archbishop * ” won an * International Emmy Award
* in * 1983 * in the * Popular Arts * category . [7] The * Catholic Church *
was to be satirized again in the second series , * Blackadder II * , in the * 1986
* episode ” * Money * ” .

subject: Machiavellian, object: present in work relation: The Black Adder,
evidence:[0, 1]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Thomas Becket, object: country of citizenship relation: England,
evidence:[0, 1, 2]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Thomas Becket, object: position held relation: Archbishop of Can-
terbury, evidence:[3]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Henry II, object: country of citizenship relation: England, evi-
dence:[1, 4, 5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Henry II, object: present in work relation: The Black Adder, evi-
dence:[0, 4, 5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Archbishop, object: series relation: The Black Adder, evi-
dence:[0]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Black Adder, object: original network relation: BBC, evi-
dence:[0]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Black Adder, object: narrative location relation: England, evi-
dence:[0, 1]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: The Black Adder, object: has part relation: Blackadder II, evi-
dence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Richard IV, object: present in work relation: The Black Adder,
evidence:[0, 1, 4]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Becket, object: date of death relation: 1170, evidence:[5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Becket, object: present in work relation: The Black Adder, evi-
dence:[0, 1, 4, 5]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Money, object: publication date relation: 1986, evidence:[7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Money, object: series relation: The Black Adder, evidence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Blackadder II, object: start time relation: 1986, evidence:[7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Blackadder II, object: follows relation: The Black Adder, evi-
dence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

subject: Blackadder II, object: series relation: The Black Adder, evi-
dence:[0, 7]
[0]” * The Archbishop * ” is the third episode of the first series of the * BBC
* sitcom * Blackadder * ( * The Black Adder * ) . [1] It is set in * England
* in * the late 15th century * , and follows the exploits of the fictitious *
Prince Edmund * as he is invested as * Archbishop of Canterbury * amid a *
Machiavellian * plot by the King to acquire lands from the * Catholic Church
* . [2] Most of the humour in the episode relies on religious satire . [3] The
script pays tribute to the real - life * 12th century * Archbishop of Canterbury
, * Thomas Becket * . [4] * Edmund * , faced with the threat of assassination ,
attempts to escape to * France * into self - imposed exile ; and in a later scene ,
* two * drunk knights overhear King * Richard IV * exclaiming ” Who will rid
me of this turbulent priest ? ” , the words attributed to King * Henry II * which
led to * Becket * ’ s death in * 1170 * , and embark on a mission to murder *
Edmund * . [5] ” * The Archbishop * ” won an * International Emmy Award *
in * 1983 * in the * Popular Arts * category . [6] The * Catholic Church * was
to be satirized again in the second series , * Blackadder II * , in the * 1986 *
episode ” * Money * ” .

(b) After attention guidance.

Figure 4.7: Heatmaps of token importance for localized context pooling before
and after guiding the attention with evidence when deciding the re-
lation for entity pair (Prince Edmund, The Black Adder). The gold
relation is present in work with evidence sentences 1 and 2. The
deeper the color, the larger the value.

sentence-level supervisory signal computed from sentence-level human annota-
tions, which is not designed to increase the weight of particular words or tokens.
Despite this, the word-level importance distribution has been successfully guided
to meaningful words, suggesting that the sentence-level teacher signal indirectly
guides the model to focus on words important for relation classification. On the
other hand, a model without the guidance of evidence assigns high weights to the
end of each sentence, i.e., the period, which differs from human decision-making
criteria. The same phenomena have also been observed by [14], a study that
investigates whether the model understands the document based on evidence re-
trieval. Therefore, guiding attention with evidence aligns the decision-making
criteria of the model with humans, improving the explainability of models.

Cases when the extracted relation is incorrect. Figure 4.8 shows an ex-
ample of heatmaps when the relation is wrongly predicted by DREEAM.

As mentioned in Section 4.3.5, evidence is not defined for entity pairs with
no relations. However, after training with evidence-guided attention, the model
assigns high weights on the word life and yields a prediction author between
entity pairs (Thomas Becket, The Black Adder). While it is possible to correlate
the word life with the relation label author in phrases “life-long work” or “lifetime
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subject:Prince Edmund; object:The Black Adder; relation:author;
evidence:1
[1]” * The Archbishop * ” is the third episode of the first series of the *
BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:The Archbishop; object:The Black Adder; relation:head of
state; evidence:1
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:The Black Adder; object:BBC; relation:notable work; evi-
dence:1
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Richard IV; object:The Black Adder; relation:author; evi-
dence
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two *
drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Becket; object:1170; relation:date of birth; evidence:6
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Becket; object:The Black Adder; relation:author; evi-
dence:8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Money; object:1986; relation:contains administrative territo-
rial entity; evidence:8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
subject:Money; object:The Black Adder; relation:head of state; ev-
idence:8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
subject:Blackadder II; object:The Black Adder; relation:head of
state; evidence:1,8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
WRONG: subject:The Black Adder; object:Prince Edmund; rela-
tion:followed by; evidence:1
[1]” * The Archbishop * ” is the third episode of the first series of the *
BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
WRONG: subject:The Black Adder; object:Becket; relation:followed
by; evidence:8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
WRONG: subject:Thomas Becket; object:The Black Adder; rela-
tion:author; evidence
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
WRONG: subject:Henry II; object:1170; relation:date of birth; evi-
dence:6
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .

(a) Before attention guidance.

subject:Prince Edmund; object:The Black Adder; relation:author;
evidence:1,2
[1]” * The Archbishop * ” is the third episode of the first series of the *
BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Henry II; object:The Black Adder; relation:author; evi-
dence:1
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:The Archbishop; object:The Black Adder; relation:head of
state; evidence:1
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:The Black Adder; object:BBC; relation:notable work; evi-
dence:1
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Richard IV; object:The Black Adder; relation:author; evi-
dence:1,5
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two *
drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Becket; object:1170; relation:date of birth; evidence:6
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Becket; object:The Black Adder; relation:author; evi-
dence:1,6
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
subject:Money; object:The Black Adder; relation:head of state; ev-
idence:1,8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
subject:Blackadder II; object:The Black Adder; relation:head of
state; evidence:1,8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
WRONG: subject:The Black Adder; object:Prince Edmund; rela-
tion:followed by; evidence:1,2
[1]” * The Archbishop * ” is the third episode of the first series of the *
BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
WRONG: subject:Prince Edmund; object:Catholic Church; rela-
tion:publisher; evidence:2,6
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop
of Canterbury * amid a * Machiavellian * plot by the King to acquire
lands from the * Catholic Church * . [3]Most of the humour in the
episode relies on religious satire . [4]The script pays tribute to the real
- life * 12th century * Archbishop of Canterbury , * Thomas Becket *
. [5]* Edmund * , faced with the threat of assassination , attempts to
escape to * France * into self - imposed exile ; and in a later scene , *
two * drunk knights overhear King * Richard IV * exclaiming ” Who
will rid me of this turbulent priest ? [6]” , the words attributed to King
* Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts
* category . [8]The * Catholic Church * was to be satirized again in
the second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
WRONG: subject:Prince Edmund; object:Blackadder II; rela-
tion:author; evidence:1,8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
WRONG: subject:Thomas Becket; object:The Black Adder; rela-
tion:author; evidence:1,4
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is
set in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
WRONG: subject:Thomas Becket; object:Catholic Church; rela-
tion:publisher; evidence:4
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits
of the fictitious * Prince Edmund * as he is invested as * Archbishop
of Canterbury * amid a * Machiavellian * plot by the King to acquire
lands from the * Catholic Church * . [3]Most of the humour in the
episode relies on religious satire . [4]The script pays tribute to the real
- life * 12th century * Archbishop of Canterbury , * Thomas Becket
* . [5]* Edmund * , faced with the threat of assassination , attempts to
escape to * France * into self - imposed exile ; and in a later scene , *
two * drunk knights overhear King * Richard IV * exclaiming ” Who
will rid me of this turbulent priest ? [6]” , the words attributed to King
* Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts
* category . [8]The * Catholic Church * was to be satirized again in
the second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .
WRONG: subject:Henry II; object:1170; relation:date of birth; evi-
dence:6
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money *
” .
WRONG: subject:Money; object:Blackadder II; relation:head of
state; evidence:8
[1]” * The Archbishop * ” is the third episode of the first series of the
* BBC * sitcom * Blackadder * ( * The Black Adder * ) . [2]It is set
in * England * in * the late 15th century * , and follows the exploits of
the fictitious * Prince Edmund * as he is invested as * Archbishop of
Canterbury * amid a * Machiavellian * plot by the King to acquire lands
from the * Catholic Church * . [3]Most of the humour in the episode
relies on religious satire . [4]The script pays tribute to the real - life *
12th century * Archbishop of Canterbury , * Thomas Becket * . [5]*
Edmund * , faced with the threat of assassination , attempts to escape
to * France * into self - imposed exile ; and in a later scene , * two
* drunk knights overhear King * Richard IV * exclaiming ” Who will
rid me of this turbulent priest ? [6]” , the words attributed to King *
Henry II * which led to * Becket * ’ s death in * 1170 * , and embark
on a mission to murder * Edmund * . [7]” * The Archbishop * ” won
an * International Emmy Award * in * 1983 * in the * Popular Arts *
category . [8]The * Catholic Church * was to be satirized again in the
second series , * Blackadder II * , in the * 1986 * episode ” * Money
* ” .

(b) After attention guidance.

Figure 4.8: Heatmaps of token importance for localized context pooling before
and after guiding the attention with evidence when deciding the rela-
tion for entity pair (Thomas Becket, The Black Adder). The deeper
the color, the larger the value. There is no relation between the en-
tity pair in human annotations, but the model predicts relation author
with evidence sentences 1 and 4.

work”, such a context cannot be observed in this document. This suggests that
merely increasing the importance of sentences or tokens serving as evidence may
not explicitly account for context or semantics. As a result, the model might learn
a simplistic correlation between relation labels and tokens, potentially leading to
incorrect predictions. Therefore, designing an evidence retrieval method that
considers contextual information remains a future challenge.

4.3.9 Error Analysis for ER
This section investigates cases in which DREEAM makes wrong predictions. As
the previous section has introduced error cases for RE, this section conducts error
analysis with a special focus on ER. As mentioned in Section 4.3.5, measuring the
vanilla F1 scores for ER is sub-optimal as it penalizes the performance with the
accuracy of RE. This section follows Section 4.3.5 to investigate the performance
of ER based on PosEvi F1. Specifically, for each correctly-predicted relation triple
(es, r̂, eo), the accuracy of its evidence V̂s,r̂,o is measured by comparing against
the manual annotation Vs,r̂,o.

70



11%

19%

51%

19%
incorrect annotation

redundant annotation

missing attention

redundant attention

Figure 4.9: Error analysis for ER on 100 randomly-sampled error cases when pre-
dicting on the development set of DocRED.

Here, 100 error cases with a correctly-predicted relation label (r̂ = r) and a
wrongly-retrieved evidence sentence set (V̂s,r̂,o = Vs,r̂,o) are randomly sampled
from model predictions. The error cases are manually investigated are classified
into five groups:

• incorrect annotation: The evidence annotation is considered to be in-
correct, with necessary evidence sentence(s) missed to decide the relation
label;

• redundant annotation: The evidence annotation is considered to be re-
dundant, with a subset of which is enough for deciding the relation label;

• missing attention: The model fails to assign high attention weights to
evidence sentences, resulting in missing evidence predictions.

• redundant attention: The model assigns high attention weights to un-
necessary sentences, resulting in redundant evidence predictions;

The fraction of each group is demonstrated in Figure 4.9, with the PLM encoder
being BERTbase.
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(a) missing attention
[1] Aino is a figure in the Finnish national epic Kalevala.
[2] It relates that she was the beautiful sister of Joukahainen .
[3] Her brother, having lost a singing contest to the storied Vinminen, promised
Aino’s “hands and feet” in marriage if Vinminen would save him from drowning in
the swamp into which Joukahainen had been thrown.
[4]...
Relation: (Joukahainen, sibling, Aino) Evidence (gold/pred): [1,2]/[2]
(b) redundant attention
[1] Allen County is a county in the U.S. state of Ohio.
[2] As of the 2010 census, the population was 106,331.
[3] The county seat is Lima .
[4] ...
[7] Allen County comprises the Lima , OH Metropolitan Statistical Area ,
which is also part of the Lima-Van Wert-Wapakoneta, OH Combined Statistical Area.
[8]...
Relation: (Allen County, capital, Lima) Evidence (gold/pred): [1,3]/[1,3,7]

Table 4.14: Case studies for prediction errors of ER from DREEAM.

From the pie graph, it can be observed that the most frequent error type is
missing attention, i.e., the model failing to focus on necessary texts. A typical
case is shown in Table 4.14(a). Here, the model assigns high weights to “sisters”
but forgets about the head and tail entities, resulting in mispredictions of evidence
for the correctly predicted relation label. This observation further supports our
hypothesis in Section 4.3.8 that guiding attention with evidence might result in
the model learning a simplistic correlation between relation labels and tokens.
The model might thus overlook some sentences that function as evidence in the
reasoning chain when deciding relations. An example of redundant attention is
also showcased in Table 4.14(b). In the example, while attention to the first and
the third sentences is enough to classify the relation, the model still picks up
the seventh sentence as evidence. The example demonstrates that the proposed
method does not guarantee a minimal evidence set.

Additionally, redundant and missing annotations also comprise a non-neglectable
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portion in Figure 4.9. The observation indicates that there is still room for im-
provement in controlling the quality of evidence annotations.

4.4 Summary
This chapter has introduced DREEAM, the method proposed in the dissertation
to improve the usage of ER in DocRE, and how to utilize the model for training
a better DocRE and ER model.

DREEAM is a memory-efficient model that directly incorporates the ER super-
visory signal into the relation classifier. Unlike existing approaches that train an
evidence classifier for ER, DREEAM directly supervises the attention to concen-
trate more on evidence than on others. DREEAM can be employed in a weakly-
supervised setting to compensate for the shortage of human annotations. Instead
of gold evidence annotated by humans, evidence predictions from a teacher model
trained on human-annotated data are adopted as the supervisory signal to realize
weakly-supervised ER training on unlabeled data.

Experiments on two widely-used benchmarks, namely the DocRED and Re-
DocRED, show that DREEAM exhibits state-of-the-art performance on both
DocRE and ER, with the help of weakly supervised training on data obtained from
distant supervision of relations. Compared with existing approaches, DREEAM
performs ER with introduced zero trainable parameters, thereby reducing mem-
ory usage to 27% or less.

Analyses have been conducted detailing the computation efficiency of DREEAM.
The proposed method also exhibits its superiority in an improved level of explain-
ability compared to existing studies.
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5 Dataset Construction: JacRED

DocRE research has been conducted mainly in English [89, 112, 124]. However, a
need exists to automatically construct Knowledge Bases (KBs) in non-English lan-
guages: Every language has its own monolingual documents containing language-
specific knowledge unavailable in English data. Given that KBs are attracting
increasing attention as a data source to alleviate hallucinations in LLMs [1, 6], it
is urgent to design methods for efficiently collecting data for training non-English
DocRE models. This study thus explores ways to construct language resources
for non-English DocRE with reduced human efforts, which can further serve as
the basis for training non-English DocRE models.

Specifically, this study utilizes existing resources of English DocRE to construct
datasets and models for non-English DocRE. Japanese is chosen as the target
language for the following two reasons:

• Despite Japanese being a widely used language for web content, there is
currently a notable absence of general-purpose Japanese DocRE resources.
This study thus contributes to the community by establishing the founda-
tion for Japanese DocRE.

• Secondly, Japanese stands out as one of the most linguistically distant lan-
guages from English [19]. The dissimilarity encompasses various aspects,
including script models and word order. Therefore, this research setting
is highly representative, and the insights will hold value when acquiring
resources for other languages.

This study first explores if DocRE resources of high quality can be obtained
with zero human effort. To this end, a Japanese DocRE dataset is automati-
cally constructed with cross-lingual projection (Section 3.3.3). Specifically, Re-
DocRED [89], a popular English DocRE dataset of high quality, is translated
into Japanese with a machine translator. An automatically constructed dataset
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Figure 5.1: Overview of the proposed annotation scheme. src and tgt represent
the source and target language, respectively. The existing scheme
requires 4 human edit steps to reach the final annotation, while the
proposed method only requires 2.

(hereafter referred to as Re-DocREDja) can thus be obtained without human
annotators. The translation-based cross-lingual projection has been successfully
applied to other information extraction (IE) tasks, including named entity recog-
nition and sentence-level relation extraction [16, 40].

However, models trained on Re-DocREDja suffer from low recalls when ex-
tracting relation triples from “real” Japanese text, i.e., those written by native
speakers. After investigating the error cases, the failures can be attributed to the
discrepancies between documents in Re-DocREDja and those composed by native
speakers, as well as the error propagation from the machine translator. These
observations underscore the uniqueness and complexity of DocRE in comparison
to other IE tasks.

Given that Re-DocREDja is unsuitable for practical application, the next step
is to explore whether the dataset can assist human annotation. As in Figure 5.1,
this study adopts a semi-automatic, edit-based annotation scheme, where anno-
tators edit machine recommendations by removing incorrect instances and sup-
plementing missed instances [18, 89, 112]. In contrast to previous studies where
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Dataset Lang. # Triples # Docs. Avg. # Toks. # Rels. Evi.
DocRED [112] en. 50,503 4,051 198.4 96 Y
Re-DocRED [89] en. 120,664 4,053 198.4 96 N
HacRED [18] zh. 56,798 7,731 122.6 26 N
HistRED [111] kr. 9,965 5,816 100.6 20 Y
JacRED ja. 42,241 2,000 260.1 35 Y

Table 5.1: Statistics of existing and proposed DocRE datasets. Column Evi.
shows whether each dataset annotates evidence sentences or not.
Statistics for DocRED are from the human-annotated subset.

only relation instances from an existing KB are recommended [18, 112], instances
in this study are recommended by a state-of-the-art DocRE model trained on Re-
DocREDja. The constructed dataset is named JacRED (Japanese Document-
level Relation Extraction Dataset), with statistics shown in Table 5.1. Quanti-
tative analyses are conducted on recommendations from the model trained on
Re-DocREDja and those from knowledge base queries, where the former reduces
the human edit steps to half of the latter.

JacRED can be adopted as a benchmark to assess DocRE models. When eval-
uating the performance of existing models on Japanese DocRE, models trained
using the train set of JacRED perform fairly well on the test set, while the scores
fall short of those achieved on Re-DocRED. The result indicates that JacRED
introduces extra challenges to Re-DocRED. Notably, in-context learning of LLMs
yields poor performance on JacRED, in line with the findings of Wadhwa et al.
[98].

Quantifying the performance gap between models trained on Re-DocREDja

and those trained on JacRED, the former falls short of the latter to around
10 F1 points. The results suggest that although translation-based cross-lingual
projection effectively constructs multilingual datasets for a range of IE tasks, it
does not hold true for DocRE.

Additionally, JacRED also enables the evaluation of cross-lingual DocRE. Model’s
cross-lingual transferability between English and Japanese can be assessed using
JacRED and Re-DocERD, from which challenges can be observed due to the
complexity of document semantics.

In short, the contributions of the dataset construction part are:
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• The proposal of the cross-lingual projection-based scheme for constructing
DocRE language resources. The proposed method reduces necessary human
annotation steps by half compared with existing annotation methods.

• The inspection on automatically constructing DocRE datasets with existing
translation-based cross-lingual projection approach and how it fails. The
findings portray the difference between DocRE and other IE tasks.

• The publishment of JacRED, the first general-purpose DocRE dataset for
Japanese. JacRED not only sets up the foundation of Japanese DocRE
research but also enables cross-lingual evaluation of DocRE tasks.

In the following chapter, Section 5.1 details the process of data construction,
Section 5.2 investigates the statistics of JacRED as a representative constructed
using the proposed dataset-construction approach, and Section 5.3 reports exper-
iment results using the newly-constructed dataset JacRED.

5.1 Dataset Construction Method

5.1.1 Strategy
The aim is to construct a Japanese DocRE dataset ready for use with minimal
human effort. To this end, the first attempt is to build a dataset without human
annotators automatically. The approach has been reported successful in other IE
tasks [16, 40].

If the automatically constructed dataset is qualified to train Japanese DocRE
models, there is no need to recruit human annotators. However, if the quality
of the automatically constructed dataset is unsatisfactory, the next attempt is to
use the dataset as an intermediary tool to assist human annotation. To this end,
this study employs models trained on the automatically constructed dataset to
recommend relation triple candidates, based on which human annotators make
revisions to reach the final annotations.

The rest of this section details each of the attempts in Section 5.1.2 and 5.1.3,
respectively.

78



<e0:LOC>モロゴロ州は </e0:LOC>、<e1:LOC>タンザニアに </e1:LOC>
ある <e2:NUM> 31 </e2:NUM>⾏政区のひとつ。

州都は <e3:LOC>モロゴロ </e3:LOC>市である。

<e4:MISC> 2012年国勢調査に </e4:MISC>よると、同州の⼈⼝は
<e5:NUM>2,218,492 </e5:NUM>⼈で、国勢調査前の予測値 <e6:NUM>
2,209,072 </e6:NUM>⼈を上回った。

<e0:LOC> Morogoro Region </e0:LOC> is one of <e1:LOC> Tanzania
</e1:LOC> 's <e2:NUM> 31 </e2:NUM> administrative regions . 
The regional capital is the municipality of <e3:LOC> Morogoro </e3:LOC> . 
According to the <e4:MISC> 2012 national census </e4:MISC> , the region 
had a population of <e5:NUM> 2,218,492 </e5:NUM> , which was higher 
than the pre - census projection of <e6:NUM> 2,209,072 </e6:NUM>.

EN-JA Translation

Figure 5.2: Translating Re-DocRED from English into Japanese with label pro-
jection. Translations went through post-edits to detach case markers
from entity spans.

5.1.2 Automatic Construction
This study first builds a Japanese version of Re-DocRED [89]. Re-DocRED is
a revised version of DocRED [112], the first and most popular DocRE dataset
constructed from English Wikipedia. Details about these datasets are introduced
in Section 3.3.1.

Translation and Annotation Projection. The complete train/dev/test splits
of Re-DocRED are translated into Japanese with the help of machine transla-
tors. As shown in Figure 5.2, XML tags are adopted as entity span markers and
inserted around each entity, following Chen et al. [16] and Hennig et al. [40].
Documents are translated from English to Japanese while preseving the tags so
that entity spans are projected jointly during translation. Relations associated
with entity pairs can thus be directly inherited from the English dataset. The
machine translator is DeepL, which enables translation while preserving XML
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tag markups1.

Post-processing for Case Markers. The translated Japanese sentences, as in
Figure 5.2, require post-editing due to the presence of case markers in entity spans.
Case markers (“kaku-joshi” in Japanese) are special linguistic units attached to
the end of nouns to indicate the relationship between words. A case marker
only reveals the grammatical role but does not contribute to the semantics of
the noun phrase it is attached to. For example, in entity span <e0> of the
Japanese translation, a topic marker “は” following “モロゴロ州” (Morogoro
Region) indicates the noun phrase to be the topic of this sentence.

Case makers from the entity span are detached with the Japanese morphological
analyzer MeCab [53]2. To this end, tokens identified as case markers at the end
of each entity span are detached and re-attached at the corresponding position
outside the span. The obtained dataset is denoted as Re-DocREDja.

Limitations of the Translated Dataset. When utilizing Re-DocREDja as
the training data and test bed, DREEAM [70], the current state-of-the-art DocRE
model proposed in Chapter 4, achieves an F1 score of 72.74 (cf. the same archi-
tecture scores 77.94 on the original Re-DocRED). However, when “real” Japanese
documents from Japanese Wikipedia are fed into the model, quite some relation
triples are left out in the predictions, with a typical example showcased in Fig-
ure 5.3. Two possible reasons can be raised to explain why the model trained on
Re-DocREDja fails:

1. Topic Shift of Contents: Re-DocREDja cannot represent the real topic
distribution of Japanese documents. Constructed from English Wikipedia,
Re-DocRED consists of contents that English speakers are concerned about,
which do not necessarily match the interests of Japanese speakers. As in
Figure 5.3a, Re-DocREDja lacks documents about Japanese culture, pre-
venting the DocRE models from being localized.

2. Difference in Surface Form: The surface structures, i.e., how words are
organized in the sentence, of Re-DocREDja somehow follow the logic of
English, which is distinct from that of Japanese. Figure 5.3b showcases a

1https://api.deepl.com/v2/translate
2https://taku910.github.io/mecab/
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JA: 堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8
⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主。

EN: Naosada Hori (December 23, 1665 - July 23, 1711) was a feudal lord of the 
early to mid-Edo period, the second lord of the Joso Hachiman domain.

missed triple: (Naosada Hori, head of government, Joso Hachiman domain)
(a) Example of unextracted relations due to the topic shift of contents. The highlighted “藩主”

is a Japanese historical term used from 1603 to 1912 meaning “lord”.

JA: ザカリアーシュ・ヨージェフ(1924年3⽉25⽇ - 1971年11⽉22⽇)は、ハンガリー
出⾝のサッカー選⼿、サッカー指導者。
1954年のFIFAワールドカップでは決勝戦を除く4試合にフル出場し準優勝に貢献した。

EN: Zakarias Yogev (March 25, 1924 - November 22, 1971) was a Hungarian soccer 
player and soccer coach.
(He) played in all but the final four games of the 1954 FIFA World Cup, contributing to 
the runners-up finish.

missed triple: (Zakarias Yogev, participant in, the 1954 FIFA World Cup)
(b) Example of unextracted relations due to the gap in surface structures. The subject of the

second sentence is left out in Japanese.

Figure 5.3: Cases where the model trained on Re-DocREDja failed to predict.
Documents are shown as partial for better visibility. Note that En-
glish translations are provided only for reference, while predictions
are actually made in Japanese texts.

typical example of how Japanese differs from English in surface structures
regarding the omission of subjects. Re-DocREDja thus cannot reproduce
the surface structures of “real” Japanese, resulting in failures of the trained
model.

5.1.3 Semi-Automatic Construction
Drawbacks of Re-DocREDja postulate that human annotations are necessary to
depict Japanese DocRE better. This study thus involves human annotators in
constructing a Japanese DocRE dataset. Following the scheme provided by Yao
et al. [112], the annotation process consists of two phases: the entity mention
annotation phase and the relation annotation phase. Both phases follow an edit-
based scheme, as shown in Figure 5.4: Annotators only need to edit machine
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Figure 5.4: The annotation pipeline used in Yao et al. [112], which is also adopted
by this study. This study makes two proposals in Step 3.

recommendations instead of enumerating all relation instances from scratch.
The quality of machine recommendation is crucial under the edit-based scheme:

Poor recommendations require more edits, drastically increasing the annotators’
workload and affecting the dataset’s quality. The problem is recognized in Do-
cRED as the false-negative issue (Section 3.3.1), where too many relation in-
stances are left out in the recommendations to be mended by human edits [44].
This study proposes to mitigate this issue using Re-DocREDja, utilizing a model
trained on Re-DocREDja to recommend relation instances. The rationale is that
Re-DocRED is an improved version of DocRED aiming at alleviating the false-
negative issue; hence, a model trained on Re-DocREDja, the translated version of
Re-DocRED, could be expected to inherit the advantage and yield considerably
more predictions.

Documents. JacRED is built on top of the Japanese edition of Wikipedia.
After cleaning up the dump, the opening text of each page is extracted as the
document3, with only those longer than 256 characters kept in the annotation
pool.

Annotators. Given the complexity of the task, this study recruits native Japanese
speakers with expertise in annotating language resources instead of crowdsourc-
ing4. The annotators first work individually on different data and then cross-check

32023-01-01 dump at https://dumps.wikimedia.org/jawiki/
4Measures including the Inter Annotator Agreements (IAA) are thus not reported in this study.
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Helen Craig McCullough (1918 - 1998) was 
an American scholar of Japanese classics.

She translated many Japanese classics into 
English, but is not as well known in Japan as 
Donald Keene and Edward G. Seidensticker.

She was born in California.

She was graduated from 
the University of California, Berkeley (political science major) in 1939.

With the outbreak of the Pacific War, 
she entered the Naval Japanese Language School in Boulder, Colorado.

After the war ended, she came to Japan and worked as an interpreter, 
returning to Berkeley in 1950 to earn her M.A. and Ph.D.

After teaching at Stanford University, she returned to 
Berkeley in 1969 and became a professor in 1975.

She visited Japan several times and received a medal of honor 
from the Japanese government, retiring in 1988.

Her husband is William McCullough,
 also a scholar of Japanese literature.

Figure 5.5: Interface for relation annotation. English translations are provided on
the right for reference. In this example, the annotator decides whether
(Helen Craig McCullough, Employer, the University of California,
Berkeley) holds or not. Entity mentions connected with Coref are
coreferences of each other.

the worked annotations.

Annotation Period. The first phase of entity annotation took 1.5 months to
annotate 2,800 documents, and the second phase of relation annotation took 3
months to annotate 2,000 documents in total.

Annotation Interface. The annotation tool is BRAT [87] during both phases,
with an example during the relation annotation phase shown in Figure 5.5.

During the entity annotation phase, entity mentions recommended by the
model were already included as span annotations. In other words, the initial
interface window provided to the annotators resembles Figure 5.5, but without
any relation annotations (i.e., no arcs between spans). The annotators review and
revise all annotated spans in the document, then augment for new spans missed
in machine recommendations.

During the relation annotation phase, two kinds of interfaces are provided
for different purposes. Firstly, to revise the machine recommendations, only one
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relation triple is provided in one window, as shown in Figure 5.5. The annotators
focus on the provided relation triple, decide if it is correct, and supply evidence
for the triple. Displaying only one relation instance per window ensures that the
target relation triple is clearly visible to the annotators, preventing their attention
from being diverted to other triples.

After all machine-recommended triples are revised, a new window displaying
all revised relation triples is presented to the annotators. They then review
the document again to supplement any missing relation triples in the merged
window. This merged window provides a comprehensive view of all annotations,
eliminating the need to check each window individually to see if a triple is already
included in the machine recommendation, thus saving time.

Additionally, another window displaying all coreference relations is presented
to the annotators before revising relation annotations. This allows the annotators
to revise the coreference recommendations in advance.

Entity Annotation

The purpose of the entity annotation phase is two-fold: (1) to obtain high-quality
entity mention annotations for each document and (2) to filter out documents
involved with few entities and relations.

Entity Types. The definition of entities adopts that of IREX (Information
Retrieval and Extraction Exercise, Sekine and Isahara [85]). 8 types of entities
are included in the annotation scheme, whose scope is similar to that of DocRED.
Table 5.2 provides a list of entity types.

Machine Recommendations. The machine predictions of each document are
obtained using KWJA [92], a unified analyzer for Japanese.

Document Filtering. Another round of document filtering is performed based
on the machine prediction to remove documents likely to contain few cross-
sentence relations. To this end, each entity mention automatically recognized
by KWJA is linked to Wikidata entities [96]. If an edge with label r con-
nects a certain entity pair (es, eo) in the knowledge base, then (es, r,eo) is re-
garded as an extractable relation triple from the document, following the distant-
supervision assumption [71]. Notably, this study preserves only documents with
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(Re-)DocRED (6) JacRED (8)
PERSON PERSON

ORGANIZATION ORGANIZATION
LOCATION LOCATION

TIME ARTIFACT
NUM TIME
MISC DATE

PERCENT
MONEY

Table 5.2: Comparison of entity types of existing dataset and our proposed
dataset. The total number of entity types is indicated in the paren-
thesis following each dataset.

more than 4 cross-sentence relations in the annotation pool and eliminates oth-
ers. mGENRE [26] is employed for entity linking and KGTK [46] for connectivity
check in the KB.

Human Edits. 2,800 documents are randomly selected from the annotation
pool for human annotation5. Human annotators review recommendations in
each document, correcting wrongly predicted entity mentions and supplement-
ing missed ones.

Relation Annotation

Relations and coreferences are annotated based on entities. The proposed ap-
proach differs from existing studies in that:

1. The relation label set is refined with a reduced number of relation types
while covering a sufficient number of relation instances;

2. Machine recommendations are provided by models trained on Re-DocREDja.

Coreference Recommendations. For each entity ei, all its mentions {mi
1, . . . ,mi

l}
are treated as coreferences of each other. As introduced in the task definition, only

5The final JacRED with both entity and relation annotations contains the first 2,000 among the
2,800 documents (Table 5.1).
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proper nouns are considered as mentions while excluding the pronouns. Mentions
linked to the same Wikidata entity are recommended as coreferences.

Relation Types. (Re-)DocRED’s relation label set R contains 96 relation
types, excluding the null label no_relation. However, it is hard for annotators
to comprehend such a large label set, which will eventually affect the annota-
tion quality. This study thus reduces the relation label set for human annotation
based on the following principles:

• All relation categories defined in ERE [86] should be covered.

• Explicitly-defined inverse relation pairs, e.g., has_part and part_of, are
merged into one. The inversed relation labels are supplemented automati-
cally after the human annotation phase.

• Relations frequently appearing in Re-DocRED are preserved as much as
possible.

This results in a label set R′ of 28 relations covering over 88% relation instances
in Re-DocRED.

Relation Recommendations. To recommend relation instances, this study
projects the relation label set of Re-DocREDja fromR toR′ and retrain a DocRE
model. Predictions of the model are employed as machine-recommended relations.
These recommendations are expected to be more accurate than those in previous
studies obtained from knowledge base queries, primarily due to two factors:

• The pre-defined KB, i.e., Wikidata, only stores a limited number of relation
facts, while a model can, in principle, assign relation(s) to each entity pair
in the document;

• Relation facts in Wikidata are independent of the document’s content, while
model predictions are contextually sensitive.

Quantitative comparisons of recommendations from the model trained on Re-
DocREDja and those from querying Wikidata can be found in Section 5.2.2.
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Human Edits. Coreferences and relations are revised during human annota-
tion. For coreferences, human annotators remove irrelevant mentions and sup-
plement missed mentions for each entity. For relations, human annotators first
examine the existence of each recommended relation. As showcased in Figure 5.5,
a pair of mentions ms

i ,m
o
i , representing entity es, eo respectively, along with their

relation r is displayed in the interface. If annotators consider relation triple
(es, r,eo) as true, they need to provide the evidence sentence Ves,r,eo within the
document6; Otherwise, the triple should be deleted from the dataset. After revis-
ing all machine recommendations, the annotators supply missing relation triples
and evidence sentences with their best effort.

This study delicately designs a guideline for relation annotations, as shown
in the Appendix. Notably, while in the guideline of existing studies, verifying
existing annotations and supplementing missing annotations are listed as parallel
tasks, this study explicitly separates the tasks into two parts. The proposed
guideline explicitly sets goals and interfaces for (1) verifying existing annotations
and (2) supplementing missing annotations, respectively. Annotators are forced
to spend time on both (1) and (2), alleviating the dilemma of choosing only to
perform (1) rather than (2) as described in Huang et al. [44]. Such a design, in
combination with the recruitment of experts instead of crowdsourcing workers, is
expected to improve the quality of the constructed dataset.

Post-processing. Among all 28 relation label types, 7 have inverses defined in
Wikidata. This study automatically augments triples of inversed relation types
after human edits. For example, if triple (es,part_of,eo) is present in the revised
annotation and relation type part_of is an inversion of has_part, a new triple
(eo,has_part,es) will be automatically added into the annotation. JacRED thus
includes 35 relation types eventually. Table 5.3 provides a detailed list of relation
types.

6Sentences where mention ms
i and mo

i reside are treated as evidence by default. Only evidence
sentences other than those need to be provided.
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ERE Category JacRED Type ID
Physical Capital P36

CapitalOf P1376
AdministrativeLocation P131
Location P276
WorkLocation P937

General CountryOfCitizenship P27
Affiliation DateOfBirth P569

DateOfDeath P570
PlaceOfBirth P19
PlaceOfDeath P20
Follows P155
FollowedBy P156

Personal-Social Child P40
Sibling P3373
Spouse P26
ParticipantIn P1344
Participant P710

Part-Whole MemberOf P463
HasPart P527
PartsOf P361

Organization HeadOfGovernment P6
Affiliation OwnedBy P127

OwnerOf P1830
FoundedBy P112
Employer P108
Operator P137
ItemOperated P121
EducatedAt P69

Others (*) AwardReceived P166
Creator P170
Performer P175
Published P123
PresentInWork P1441
Characters P674
Platform P400

Table 5.3: Relation types included in our proposed dataset. Column ID shows the
Wikidata property ID linked to each relation type. The last category
Others includes relation types undefined in ERE type.
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DocRED Re-DocRED JacRED
# Sentences 7.98 7.98 8.39
# Entities 19.51 19.45 17.87
# Relations 12.45 29.77 21.12
# Evidences 1.60 0.88 1.67

Table 5.4: Comparison of (Re-)DocRED and JacRED. Values are averages per
document.

5.2 Dataset Analysis
This section reports the analysis results of JacRED to provide a deeper under-
standing of the constructed dataset.

Firstly, a comparison of the statistics of JacRED against (Re-)DocRED is con-
ducted (Section 5.2.1). The comparison suggests that JacRED combines the
advantages of DocRED and Re-DocRED with plenty of relation and evidence
annotations. Notably, JacRED contains more relation triples that require cross-
sentence information to extract than Re-DocRED, better aligning with the ob-
jective of DocRE. Next, this section reports the number of human annotators’
edit steps before reaching the final annotations (Section 5.2.2). Here, another
comparison has been made to calculate the number of steps starting from recom-
mendations made by knowledge base queries, i.e., the method used in previous
studies, and machine predictions, i.e., the proposed method. From the results,
significantly more edit steps would be necessary if the human annotation started
from machine recommendations suggested by knowledge base queries. The obser-
vation indicates that the proposed annotation scheme effectively reduces human
efforts.

5.2.1 Detailed Statistics
Table 5.4 details the agreements and differences between (Re-)DocRED and Ja-
cRED. In short, JacRED is a well-balanced dataset for both relation extraction
and evidence retrieval, comprising more relation instances than DocRED and
more evidence instances than Re-DocRED.

89



# Evidence Sentences (%)
0 1 2 3 4 5 6

# Triples (DocRED) 3.79 49.71 34.49 8.30 2.52 0.82 0.25
# Triples (JacRED) 0.00 33.09 66.60 0.27 0.04 0.00 0.00

Table 5.5: Evidence distribution of DocRED and JacRED. The distribution of
DocRED is computed from the training and development set, and that
of JacRED is computed from the whole dataset. Long-tail values with
a frequency lower than 0.00% are left out.

Document Complexity. As for document length, JacRED shares a similar
scale with (Re-)DocRED at both token and sentence levels. As for the number
of relation instances, documents in JacRED contain more relation instances than
DocRED on average. This implies that the false negative issue is mitigated in
JacRED compared to DocRED.

Evidence Annotation. Re-DocRED revises DocRED to alleviate the false
negative issue by supplying missed relation instances. However, evidence sen-
tences for those supplied instances are not included in Re-DocRED. In contrast,
this study collects human-annotated evidence sentences during the relation anno-
tation phase. JacRED thus better portrays the correlation between relation and
evidence sentences than Re-DocRED.

Evidence Count Distribution. Table 5.5 reports the results of an analysis
similar to Section 4.3.7 about the evidence distribution, revealing how many
evidence sentences are assigned to each relation triple by human annotators.
Compared to DocRED, the distribution of JacRED concentrates more on 1 or
2 evidence sentences. On the other hand, while 44.71% of the relation triples
in DocRED is assigned with a single evidence sentence, the percentage of single-
evidence relation triples in JacRED is controlled to 33.09%. Alternatively, 66.91%
of the relation triples in JacRED have multiple evidence sentences, indicating
that most relation triples span across sentences. This suggests that the effort to
filter out documents with fewer than 4 cross-sentence relations, as automatically
assigned by querying Wikidata, successfully retained documents likely to contain
many cross-sentence relations (Section 5.1.3).
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Figure 5.6: Distribution of the distance between evidence sentences in DocRED
and JacRED. Distance=0 means that there is only one evidence sen-
tence, distance=1 means the most distant evidence sentence pair is
next to each other, etc.

Another important finding behind the statistics is that, although DocRED is
claimed to be a document-level relation extraction dataset, approximately half of
its relation triples can be extracted from a single sentence. In contrast, JacRED,
the dataset constructed in this study, contains more relation instances beyond
sentence boundaries in percentage. Therefore, JacRED is more aligned with the
objective set by DocRE, focusing on cross-sentence relation extractions.

Distance Among Evidence Sentences. As mentioned in Chapter 1, the fo-
cus of DocRE is to extract relation instances beyond sentence boundaries. In
response, this study conducts a statistical analysis to see how far evidence sen-
tences spread across the document for each relation instance. Specifically, for
an annotated relation instance (es, r,eo,Vs,r,o), the maximum distance between
any evidence sentence pair x1,x2 ∈ Vs,r,o is recorded, yielding a distribution as
in Figure 5.6. For example, if an evidence sentence set is noted as [1,4,5] com-
posing the first, fourth, and fifth sentences within a document, then the distance
among evidence sentences is recorded as 5-1=4. Notably, relation instances with
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# Recom. # Del. # Sub. # Supp.
Knowledge Base Queries 3,200 1,459 113 6,233
Model Predictions 6,500 1,266 224 2,740

Table 5.6: Number of relation instances automatically recommended and how
they should be revised to reach the final human annotations. Re-
com., Del., Sub., and Supp. are short for Recommendations, Deletions,
Substitutions and Supplements, respectively.

no evidence annotations are excluded from the calculation7.
From Figure 5.6, it is clear that JacRED contains more relation instances with

a non-zero evidence distance, i.e., cross-sentence relations, corresponding to the
findings in the previous paragraph. Furthermore, the distance between evidence
sentences in JacRED is, on average, larger than that in DocRED (2.48 v.s. 1.76),
indicating that a more comprehensive understanding of the global information
within the document is required to solve JacRED.

5.2.2 Number of Human Edits
This subsection quantifies the distance between machine recommendations and
human annotations of relation instances. To this end, machine recommendations
are compared against final human annotations to see how many edits have been
made. The purposes of conducting such an analysis include:

• To depict the difference between machine recommendations and human
annotations;

• To depict the difference between machine recommendations made with dif-
ferent approaches.

The analysis is conducted on 400 documents randomly sampled from JacRED.
For each sampled document, machine recommendations are conducted using (1)
the knowledge-base-querying approach adopted by previous studies and (2) the

7The part of data with distance=0 corresponds to that of # Evidence Sentences=1 in Table 5.5.
The values vary because those relation instances with # Evidence Sentences=0 are removed in
Figure 5.6.
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Figure 5.7: Illustration of editing relation instances from different recommenda-
tion methods. Recommendations based on knowledge-base queries
are simulations drawn with dashed lines.

model-predicting approach proposed by this study. In the annotation pipeline in-
troduced in Section 5.1.3, annotators delete/substitute/supply relation instances
based on the recommendations. This section calculates the number of recom-
mended relation triples needed to be be deleted/substituted/supplied to reach the
final manual annotations. Notably, human annotations before post-processing are
adopted here, i.e., the label set contains 28 relation types with no inverses. The
statistics are shown in Table 5.6. Figure 5.7 provides an intuitive illustration that
simulates the manual annotation process if it starts with each kind of machine
recommendation.

Human Annotations v.s. Machine Recommendations. Table 5.6 shows
that even with recommendations provided by model predictions, more than 20%
of machine recommendations (1,266 + 224 = 1,490 out of 6,500) were regarded as
inappropriate compared to human annotations. Human annotators either deleted
these recommended triples or substituted the relation label with another one. The
human annotators also supplied another 2,740 relation instances, taking up more
than 40% of the recommendations. This, to some extent, explains why DocRE
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models trained on the automatically constructed dataset still lag behind human
performance considerably, suggesting the importance of a manually constructed
dataset.

Knowledge Base Queries v.s. Model Predictions. Table 5.6 also wit-
nesses the distance between human annotations and machine recommendations
by querying an existing KB, a de-facto method used in previous studies [18, 112].
Compared with model predictions, knowledge base queries provide only half as
many recommendations: To reach the human annotations, 50% (1,459 + 113
= 1,572 out of 3,200) of the recommendations need to be revised, with another
200% instances to be supplied. In total, it takes 7,805 steps to reach the final
manual annotations when starting from machine recommendations made with
KB queries. In contrast, recommendations made from model predictions require
only 4,230 steps to reach the final annotations. Therefore, by training a model
on Re-DocREDja, a dataset automatically constructed from the existing English
language resource using cross-lingual projection, the necessary number of human
edit steps decreases drastically. These statistics reveal the usefulness of the trans-
lated dataset in reducing human annotation efforts.

5.3 Experiments
This section details experiments conducted on JacRED. The major purposes are
two-fold:

1. To verify the reasonableness of the proposed annotation method;

2. To employ JacRED as a benchmark and examine the capability of existing
DocRE models.

Additionally, the cross-lingual transferability of existing DocRE models is also
evaluated by jointly using JacRED and Re-DocRED.

5.3.1 Settings
Dataset. Two datasets are adopted in this section, namely JacRED and Re-
DocRED. JacRED is the dataset for Japanese DocRE newly constructed in this
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study, while Re-DocRED is the dataset for English DocRE constructed by Tan
et al. [89]. Statistics of these datasets are shown in Table 5.1. JacRED is split
into train/dev/test sets with 1400/300/300 documents, respectively.

Models. Experiments are conducted on two kinds of models: supervisedly-
trained models specialized in DocRE and Large Language Models (LLMs).

For supervised models, the following are selected as the representatives:

• ATLOP [124], the baseline model widely used for DocRE;

• DocuNet [119], the model that adopts a different strategy than ATLOP
to model DocRE as a semantic segmentation task using convolutional net-
works;

• KD-DocRE [88], the model that improves over ATLOP in introducing
better representation learning strategies;

• EIDER [105], the model that incorporates ATLOP with an evidence clas-
sifier, modeling DocRE and ER using different architecture;

• DREEAM [70], the model proposed in this dissertation that incorporates
ATLOP with evidence-guided attention, modeling both DocRE and ER in
the same architecture.

For LLMs, the following models provided by OpenAI are included as the targets
of study:

• gpt-3.5-turbo-instruct [75], the varient of the GPT-3 model went over
an instruction tuning process, during which the model’s ability to follow
natural language text instructions is improved;

• gpt-4 [74], the current state-of-the-art LLM showing comparable or even
better performance than human beings.

Computation Resources. For supervisedly trained models, all experiments in
this chapter adopt PLM encoders with the same scale as BERTbase [28]. Specifi-
cally, for monolingual experiments on JacRED, the PLM encoder is the Japanese
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Hyper-parameters ATLOP DocuNet KD-DocRE DREEAM
# Epoch 30 30 30 30
lr for encoder 5e-5 3e-5 3e-5 5e-5
lr for classifier 5e-5 4e-4 1e-4 1e-4

Table 5.7: Hyper-parameters when training supervised models on JacRED. The
PLM encoders are at the same scale as BERTbase.

version of BERTbase developed by tohoku-nlp8. For cross-lingual experiments, the
PLM encoder is the multilingual version of BERT, noted as mBERT [28]. All
models are trained and evaluated on a single Tesla V100 16GB GPU. For LLMs,
there is no need to train models on GPU.

Training. For the supervisedly trained models, the training strategy follows
what each official repository provides. With a minimal hyper-parameter search,
Table 5.7 details the hyper-parameters used in the experiments for each model.
For the LLMs, a context-learning strategy is adopted to instruct the model to
extract relation triples from a given document (Section 2.2.2, [75]). Details of the
prompt are introduced in Section 5.3.5.

Evaluation. The evaluation follows previous studies to compute the micro aver-
age F1 scores for relations and evidence sentences [112]. For supervisedly-trained
models, average scores of five runs initialized with different random seeds are
reported. For LLMs, the result of a single run is reported without computing the
standard derivation. Instead of using the whole development/test set, ten docu-
ments are randomly sampled to evaluate the performance of LLMs to control the
computation cost.

5.3.2 Effectiveness of the Proposed Annotation Method
Motivation. Section 5.1.2 has mentioned limitations in the dataset automat-
ically constructed from cross-lingual projection. Specifically, DocRE models
trained on such a dataset fail to extract some relation triples from raw Japanese
documents. To resolve the issue, this study recruits human annotators to revise

8https://huggingface.co/tohoku-nlp/bert-base-japanese-v2
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Relation

Training Data Precision Recall F1
JacRED (1,400) 64.76±1.57 73.29±1.49 68.73±0.28

Re-DocREDja (3,053) 56.14±0.56 53.67±0.66 54.87±0.35

Re-DocREDja (1,400) 55.52±1.26 51.77±0.80 53.56±0.22

Table 5.8: Precision, Recall, and F1 scores of DREEAM trained on different data,
evaluated on the test set of JacRED. The number of documents in each
set is shown in parentheses.

automatic annotations from models trained on the translated dataset, assuming
that results in a dataset of higher quality. This section aims at verifying the
effectiveness of introducing such a human revision process. If the quality of the
dataset revised by human annotators surpasses the automatically constructed
one, then the proposed annotation method is effective.

Results. The experiment results when adopting the test set of JacRED as the
benchmark are summarized in Table 5.8. As the language resource is constructed
with the intention of training models with expertise in DocRE, the experiments
are conducted on supervised models only, using DREEAM as a representative.

Models trained on the translated dataset suffer from low recalls.
From Table 5.8, DREEAM trained on Re-DocREDja underperforms its equivalent
trained on JacRED. Taking a closer look at the scores, the gap in recalls (73.29
v.s. 53.67) is more significant than that in precisions (64.76 v.s. 56.14). On the
one hand, the results correspond to the observation in Section 5.1.2 that models
trained on the automatically constructed dataset cannot identify some relation
instances due to the limitation of texts translated from English. On the other
hand, the result that models trained on JacRED outperform those trained on
Re-DocREDja verifies the superiority of the human-revised dataset.

The gap between models trained on the translated dataset and Ja-
cRED is evident under the same setting. DREEAM is also trained on Re-
DocREDja with only 1,400 documents, aligned with the number of documents
in JacRED. The F1 score drops from 54.87 to 53.56, lagging behind the model
trained on JacRED with a gap of 15 F1 points. The results demonstrate that Ja-
cRED provides better supervision than Re-DocREDja with a controlled amount
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Dev Set Test Set

Relation F1 Evidence F1 Relation F1 Evidence F1
ATLOP 66.53±0.32 – 68.04±0.15 –
DocuNet 66.67±0.25 – 67.66±0.32 –
KD-DocRE 67.12±0.20 – 68.29±0.57 –
EIDER 67.52±0.46 57.54±0.66 68.61±0.27 57.16±0.85

DREEAM 67.34±0.18 61.52±0.42 68.73±0.28 62.10±0.21

gpt-3.5 13.46 – 13.17 –
gpt-4 24.17 – 27.45 –

Table 5.9: Models’ performance on the development and test sets of JacRED, with
best scores bolded. Performance of GPT-3.5 and GPT-4 is measured
on a single run, and no standard derivation is reported.

of training data, revealing the improved quality of the dataset constructed using
the proposed approach.

5.3.3 JacRED as a Benchmark
Motivation. Having verified the properness of the proposed annotation scheme,
this study moves forward to utilize the constructed dataset in assessing models’
ability to extract relation triples from documents. To this end, JacRED, the
dataset constructed following the proposed annotation guideline, is employed as
the benchmark. In addition to supervisedly-trained models, the performance of
LLMs is also evaluated. Existing studies have observed a large performance gap
between supervisedly-trained models and LLMs on Re-DocRED [60]. As LLMs
are becoming an essential component of modern NLP research, it is important to
assess if the same phenomenon can be observed on JacRED.

Results. Table 5.9 summarizes the performance of each model on JacRED.
Supervised models are trained using the training split of JacRED, and LLMs are
prompted with in-context learning containing 7 examples from the training split.

JacRED introduces extra challenges beyond those in Re-DocRED.
In Table 5.9, all supervised models score above 60 on Relation F1. Although
acceptable, the performance of each model is worse than their equivalents trained
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on Re-DocRED, with a gap of 10 F1 points (cf. Table 5.10). The result suggests
potential challenges in JacRED that are absent from Re-DocRED, possibly due
to the characteristics of the Japanese language, such as the omission of subjects.
Addressing such characteristics may be essential to tackle Japanese DocRE better.

In-context learning of LLMs on JacRED is non-trivial. Apart from
models specially designed for DocRE, the performance of LLMs is also assessed
using in-context learning. However, as shown in the Table, GPT-3.5 exhibited
much lower performance than the DocRE models. GPT-4 improved over GPT-3.5
but still lagged behind the supervised DocRE models. Similar insights have been
provided by Wadhwa et al. [98], where in-context learning of DocRE could not
be conducted due to the length restriction of the prompt. This study designs a
prompt that successfully instructed LLM to conduct DocRE, but the performance
is limited. The experiment results thus highlight the challenge of DocRE as a
task that LLMs cannot easily tackle.

DREEAM still scores highest on both DocRE and ER. Among all
models, DREEAM still exhibited the highest performance on the test set for
both DocRE and ER. Particularly for evidence retrieval, DREEAM outperforms
EIDER by approximately 4 F1 points, highlighting the model’s superiority.

5.3.4 Crosslingual DocRE
Motivation. Although DocRE datasets have been constructed in Chinese [18]
and Korean [111], they lay in different domains than (Re-)DocRED. In contrast,
JacRED is constructed from Wikipedia following a pipeline similar to DocRED.
The domain and label sets of JacRED and (Re-)DocRED thus match each other,
enabling the evaluation of cross-lingual DocRE. This study takes the first attempt
to measure the cross-lingual transferability of existing models. Using Re-DocRED
and JacRED, it is possible to investigate how knowledge learned in one language
can help solve DocRE in another language for each model.

Results. Table 5.10 summarizes the evaluation results. Here, models are trained
on the training set in one language and evaluated on the test set in another. The
relation label set of Re-DocRED is projected onto JacRED using the same method
as in Section 5.1.3. Multilingual BERT (mBERT, Devlin et al. [28]) is adopted
as the PLM encoder to ensure the multilingualism of trained models.
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Rel (tgt) Rel (src)

Model Precision Recall F1 F1
(a) en. → ja.
ATLOP 60.59±2.17 31.91±1.52 41.76±0.91 74.82±0.26

DocuNet 60.44±0.69 34.50±0.60 43.92±0.36 75.02±0.24

KD-DocRE 58.83±1.50 36.67±1.83 45.14±1.25 75.72±0.46

DREEAM 60.07±1.04 36.36±1.20 45.29±0.90 77.22±0.28

(b) ja. → en.
ATLOP 53.13±2.08 48.70±2.98 50.72±0.78 64.25±0.63

DocuNet 52.69±0.49 45.85±0.57 49.03±0.30 64.64±0.11

KD-DocRE 54.22±0.61 50.12±0.82 52.09±0.56 65.42±0.68

DREEAM 51.88±1.04 53.05±1.44 52.45±0.72 65.90±0.33

Table 5.10: Cross-lingual performance on the test set of JacRED (ja.) and Re-
DocRED (en.) of models with mBERT as the PLM encoder.

Cross-lingual performance of existing models is limited. From the
table, all models exhibited a decreased accuracy in the target language. Unlike
sentence-level tasks, DocRE requires not only an understanding of individual
sentences but also inter-sentence semantics within the whole document, which
improves the difficulty of building cross-lingual models. This may offer a potential
explanation as to why translation-based cross-lingual transfer is ineffective for
DocRE, despite its successful application in sentence-level RE and OpenIE [40,
52]. The experiments shed light on the unique challenges of cross-lingual DocRE,
leaving the topic as a future direction for research.

Models trained on JacRED and evaluated on Re-DocRED yield bet-
ter results compared to the reverse scenario. While a performance drop
can be observed in both directions, the performance drop of ja. → en. (65.90 v.s.
52.45) is smaller than that of en. → ja. (77.22 v.s. 45.29). This may also suggest
that JacRED is a high-quality dataset, as models trained on it can effectively
extract relation triples from documents, regardless of the language differences
between training and inference time.
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5.3.5 Prompts used for In-Context Learning
This section details how the prompt used in Section 5.3.3 is designed to ensure
reproducibility.

Motivation. In previous studies where LLM are utilized for relation extrac-
tion [60, 98], the prompt has been designed to return all relation triples within a
document. However, it is hard to identify all relation triples across a document at
once. Furthermore, most supervised approaches tackle DocRE by classifying rela-
tion types entity-pair wise [70, 88, 105, 124]. Therefore, previous prompt designs
result in an unfair comparison between supervised models and LLMs, where the
latter solves a more difficult task than the former. This study develops a fairer
prompt when instructing LLMs to conduct DocRE.

Prompt. The prompt used for the in-context learning of LLM is shown in
Figure 5.8. The prompt is composed of three parts:

• A system instruction specifying the target for prediction written by human
experts;

• A definition of the relation type to be extracted. The definition of each
relation type is generated by GPT-4. Descriptions on Wikidata are not
directly adopted because they contain redundant information for Wikidata
editors.

• Seven examples showcasing the documents and relation triples extracted
from each. Here, documents refer to partial documents9 by combining the
evidence sentences for the corresponding relation triples to reduce the input
length.

Following this design, a prompt is defined for each relation label type. LLMs are
asked to extract triples with one relation type in each API call.

Before settling the prompt design, pilot experiments are conducted as in Ta-
ble 5.11. During these experiments, instead of using the whole development set of
JacRED, five documents are randomly sampled to control the computation cost.
The temperature of generation is set to 0.1.

9Definition of partial documents is mentioned in Section 4.3.3.
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Relation

Precision Recall F1
(a) target for each API call
document-wise 7.31 12.84 9.31
entity-pair-wise 6.50 50.00 11.51
relation-wise 12.29 14.86 13.46
(b) strategy for choosing examples
random 8.91 14.86 11.14
shortest 2.82 17.57 4.86
longest 7.61 9.46 8.43
in-turn 8.60 12.84 10.30

Table 5.11: Pilot experiments for prompt engineering using gpt-3.5, evaluated
on five documents randomly sampled from the development set of
JacRED. Performance is measured on a single run, and no standard
derivation is reported.

Target for each API call. There are three possible ways to conduct relation
extraction for each API call.

• document-wise: query the LLM to enumerate all relation triples referrable
from a given document. This is the setting adopted by Li et al. [60].

• entity-pair-wise: query the LLM to answer the relation label between a
specific entity pair within a given document. The setting is close to that in
supervised training, but it requires calling the API m× (m−1) times for a
document containing m entities.

• relation-label-wise: query the LLM to enumerate all triples with a specific
relation type within a given document. The setting requires calling the API
|R| times when R is the relation label set.

As shown in Table 5.11a, the last setting yields the best performance in the
pilot experiments. Therefore, the final prompt adopted in Table 5.9 performs
relation-label-wise queries, asking the model to list all triples with a particular
relation label in a document simultaneously. Compared to the entity-pair-wise
strategy exhibiting a high recall, this strategy also controls the cost by reducing
the number of API calls.
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Strategies of choosing examples. The examples or demonstrations included
in the prompt can be chosen using three strategies:

• random: Randomly sampling k documents from the training set;

• shortest: Sort the training set and select the k-th shortest documents;

• longest: Sort the training set and select the k-th longest documents;

• in-turn: Sort the training set and select the k
2 -th longest and the k

2 -th
shortest documents.

Table 5.11b indicates that the first setting outperforms the other three and thus
is adopted in the final experiments using the whole dataset.

5.3.6 Influence of Topic Shifts
Motivation. Section 5.1.2 has attributed the limitations of the translated dataset
to two factors: the topic shift of contents and the difference in surface form. This
section delves into the model trained on the translated dataset to see if the attri-
bution is reasonable.

The focus is the topic shift between the translated and manually constructed
datasets. The test set of JacRED is divided into two parts: local documents with
contents about Japanese figures, organizations, or artifacts (e.g.,明石市立図書館,
Akshi Library) and non-local documents with contents about western culture
(e.g.,オランダ高速鉄道, NS Hispeed). Models trained on the translated dataset,
i.e., Re-DocREDja, and on the manually constructed dataset, i.e., JacRED, are
evaluated on each of the splits to see how different the performance can be. If
models trained on Re-DocREDja exhibited higher performance on the non-local
split than the local split, that would support the hypothesis that the topic shift
causes the limitations of the translated dataset.

Results. JacRED’s test set is manually divided into the non-local and the lo-
cal split. The non-local split contains 217 documents, and the local split contains
83. Table 5.12 demonstrates the experiment results.

The results support the hypothesis raised above with the following two evi-
dences. Firstly, models trained on the manually constructed dataset con-
sistently outperform those trained on the translated dataset on both
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Perform Document-level Relation Extraction task. Given a context and an entity list, 
identify all entity pairs with relation type {located in the administrative territorial 
entity} in the context. Note that only a few entity pairs hold relations. Please return 
entity pairs as {head, tail} and make sure they follow the relation definition: 

located in the administrative territorial entity: {head} is located in the administrative 
territorial entity {tail}. 

###

Context: 東京・板橋出⾝。

Entity List: 東京||板橋

Extracted Entity Pairs: {板橋, 東京} 

### 

Context: 南都六宗(なんとろくしゅう、なんとりくしゅう)とは、奈良時代、平城京を
中⼼に栄えた⽇本仏教の6つの宗派の総称。三論宗(さんろんしゅう、中論・⼗⼆⾨
論・百論)-華厳宗や真⾔宗に影響を与えた成実宗(じょうじつしゅう、成実論)-三論宗
の付宗(寓宗)法相宗(ほっそうしゅう、唯識)倶舎宗(くしゃしゅう、説⼀切有部)-法相
宗の付宗(寓宗)華厳宗(けごんしゅう、華厳経)律宗(りっしゅう、四分律)-真⾔律宗等
が⽣まれたなお、奈良時代当時から「南都六宗」と呼ばれていたわけではなく、平安
時代以降平安京を中⼼に栄えた「平安⼆宗」(天台宗・真⾔宗)に対する呼び名である。

Entity List: 奈良時代||平安時代||平城京||⽇本||平安京||平安

Extracted Entity Pairs: {平安京, ⽇本} 

### 

(examples)

###

Context: アンソニー世界を駆ける(アンソニーせかいをかける)は、アメリカ合衆国の
CNNで放送されているテレビ番組。2013年4⽉から放送を開始した。エミー賞を4回受
賞、また、脚本賞、⾳響賞、編集賞、撮影賞に11回ノミネートされている。また2013
年にはアメリカのテレビ・ラジオ・ウェブサイトの優れた放送作品に贈られるピーボ
ディ賞を受賞した。⾃ら料理⼈であり、ノンフィクション「キッチン・コンフィデン
シャル」の著者でもあるアンソニー・ボーディンが世界の津々浦々を旅し、あまり知
られていない地域の景観、⾵俗、⾷材、料理などを紹介する。

Entity List: アメリカ合衆国||アンソニー世界を駆ける||CNN||2013年4⽉||エミー賞
||2013年||ピーボディ賞||キッチン・コンフィデンシャル||アンソニー・ボーディン

Extracted Entity Pairs: 

Figure 5.8: An example of the prompt used for the in-context learning of GPT-
3.5 and GPT-4.
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local (83) non-local (217) ∆∆∆
(a) w/o inference stage fusion
Re-DocREDja 47.91±0.46 55.92±0.20 8.01
JacRED 64.00±0.89 68.99±0.31 4.99
(b) w/ inference stage fusion
Re-DocREDja 49.80±0.42 57.01±0.24 7.21
JacRED 64.04±0.77 70.06±0.35 6.02

Table 5.12: Performance of DREEAM on the global and local split of JacRED’s
test set. The number of documents in each set is shown in parenthe-
ses.

splits. Particularly, on the local split containing documents about Japanese cul-
ture, there is a significant performance between models trained on Re-DocREDja

and JacRED, regardless of inference stage fusion. The observation suggests that
DREEAM trained on JacRED is better at extracting relations from documents
containing topics about Japanese culture than those trained on Re-DocREDja.
Secondly, models trained on the translated dataset perform better on
the non-local split than the local split. Specifically, in Table 5.12a, the score
of DREEAM trained on Re-DocREDja on the non-local split was 55.92, leading
that of the local split by 8.01 F1 points. While DREEAM trained on JacRED
also performed better on the non-local split, the gap was 4.99 F1 points. The
observation indicates that DREEAM trained on Re-DocREDja is much better at
extracting relations from documents containing topics about Western culture.

5.4 Summary
This chapter has proposed an annotation strategy employing model predictions
obtained using cross-lingual projection to provide recommendations. To reduce
human annotation costs in constructing DocRE datasets, this study explores how
to utilize existing English DocRE resources to construct resources for other lan-
guages, using Japanese as the representative. Initially, it constructs a dataset
through translation-based cross-lingual projection and investigates why such a
dataset is not ready for practical use. Nevertheless, models trained on the dataset
can replace existing approaches, i.e., querying knowledge bases, to provide recom-

105



mendations for human annotation. These insights can benefit the development
of DocRE resources for other languages.

Using the proposed strategy, this study constructs and publishes JacRED, the
first benchmark for general-purpose Japanese DocRE. JacRED has a relation
label set smaller than its English counterpart, which comprises a considerable
number of relation and evidence instances. Analyses on JacRED suggest that the
proposed machine recommendation strategy using model predictions succeeds in
reducing human annotation steps to half, compared with existing methods.

Experiment results on JacRED verify that the proposed annotation process
improves the dataset quality over the automatically-constructed counterpart.
Benchmarking with JacRED portrays the challenge of not only Japanese but also
cross-lingual DocRE. Notably, it is difficult to handle DocRE using large language
models, even when combined with an in-context learning strategy. This empirical
finding highlights the importance of developing strong supervised DocRE models,
as it automates the process of knowledge base completion.
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6 Conclusion

This dissertation presented two proposals to accelerate information extraction
beyond sentence boundaries. Both methods target the same task, Document-level
Relation Extraction (DocRE), which aims at extracting all relation tiples from
a document composed of multiple sentences. Given the complexity of the task,
acquiring high-quality human-annotated data for DocRE is both time-consuming
and expensive. This study improves the situation of DocRE from two different
aspects: to make full use of existing annotations and to collect new annotations
with a reduced cost.

The first proposal utilizes all available human annotation data to train a
better DocRE model. To this end, the proposal puts a special focus on
the evidence annotation provided in DocRED [112], the first and most popu-
lar general-purpose DocRE dataset. Existing studies train an evidence classifier
to retrieve the evidence for each relation triple automatically, which is designed
separately from the relation extractor. Such a design limits the usage of evidence
supervision signals when updating the parameters in the relation extractor. To
address the problem, this study proposes a mechanism, Document-level Relation
Extraction with Evidence-guided Attention Mechanism (DREEAM), to merge
the model of evidence retrieval into that of relation extraction. The supervi-
sory signals of evidence retrieval, namely the evidence annotations, are injected
directly into the entity-pair encoder that computes the contextualized represen-
tation used for relation classification. In such a way, the evidence annotation can
also be utilized to train the relation classifier. In conjunction with DREEAM, a
weakly-supervised training strategy for evidence retrieval is also proposed. The
strategy assigns silver (pseudo) evidence to unlabeled data, significantly increas-
ing the amount of data that can be utilized for training relation extraction and
evidence retrieval. The superiority of DREEAM over other existing methods has
been verified in experiments. Detailed analyses investigate how evidence-guided
attention contributes to training a better DocRE model.
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The second proposal explores a new scheme to construct new human-
annotated language resources for DocRE with a reduced cost. Especially, the
study focuses on constructing DocRE datasets in non-English languages, choosing
Japanese as the representative. Inspired by the success of cross-lingual projection
in constructing multilingual sentence-level relation extraction datasets [40], the
study explores automatic dataset construction by translating datasets in English
to Japanese. However, experiments have revealed the drawbacks of the trans-
lated dataset, which is not ready for practical use. The finding highlights the
difference between DocRE and sentence-level RE. The study then utilizes the
translated dataset to train a DocRE model on the target language to provide
relation triple recommendations, which are further revised by human annotators.
The recommendation strategy based on model prediction improves over exist-
ing studies, where only relation triples present in a pre-defined knowledge base
are recommended to annotators. Apart from the initial seeds recommended for
human annotation, several tricks, such as reducing the size of the relation label
set, are also included in the proposed guideline to reduce the burden of human
annotators. The dataset constructed following the proposed annotation scheme,
JacRED, is published as the first Japanese Document-level Relation Extraction
dataset. Analysis of the dataset demonstrates that the proposed annotation
scheme, which begins with model predictions, successfully cut human annota-
tion costs by half. The dataset portrays the task DocRE well, with more than
60% of the relation instances residing beyond sentence boundaries. Notably, while
a majority of the cross-lingual dataset construction strategy ends with machine
translation [55, 58], this study went further. Instead of stopping after obtain-
ing a translated dataset, it investigated the limitations of the obtained dataset
and proposed strategies for improvement. The proposed annotation scheme is
theoretically appliable to collecting DocRE datasets in any language.

Proposals in this dissertation complement each other and promote DocRE re-
search together. Specifically, the issue of data scarcity is addressed during the
development of DREEAM, elevating the performance of DocRE models in lan-
guages where datasets are already constructed. JacRED and how it is constructed
expand the use of DocRE to new settings where datasets are not yet available.

Since DocRE, as a representative of information extraction beyond sentence
boundaries, is driven by the goal of automating knowledge base completion, this
dissertation further contributes to the field of Natural Language Processing (NLP)
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by offering methods and insights specifically for enhancing knowledge base com-
pletion. With better knowledge base completion methods, it will be easier to
organize and manage the unstructured data. The need to structuralize data and
organize the information not only resides in data publicly available on the World
Wide Web but also in confidential data in administrations or companies. This dis-
sertation, therefore, provides advancements for both the NLP fields and broader
societal applications, improving data accessibility and utility.

Finally, the limitations of this work and potential future directions are discussed
as follows.

DocRE on long documents. Although the study addresses information
extraction beyond sentence boundaries, the average document length examined
remains at no more than 300 tokens (Table 5.1). Therefore, models and an-
notation strategies described in this dissertation cannot be directly adapted to
long documents with multiple paragraphs or pages. Extracting relation triples
from long documents remains an unsolved challenge. Potential solutions include:
(1) increase the processable length of DocRE models: the maximum length pro-
cessable for a DocRE model is decided by the maximum input length of the
pre-trained language model encoder. Therefore, switching the encoder to Long-
formers could provide a possible solution [9]. (2) reduce the length of documents:
splitting the long document into multiple chunks or summarizing the long docu-
ment using supervised summarization models or LLMs [13, 95].

Improving the annotation method. Although this study presented a new
method for constructing DocRE datasets, the method is imperfect. For anno-
tating relations, although being mitigated, it can be foreseen that false-negative
issues are still present in JacRED. Another round of human-machine collabo-
rated annotation, similar to that adopted in constructing Re-DocRED [89], could
be employed to further reduce the number of false-negatives in relation annota-
tions. For annotating evidence, cases may exist where evidence is over-annotated
(i.e., sentences more than necessary are annotated) or under-annotated (i.e., not
enough sentences are annotated). To improve the reliability of evidence annota-
tions, a solution is to recruit multiple human annotators to evaluate whether the
evidence annotation of the same triple is proper, then measure the inter-annotator
agreement rate [4, 11, 54].

Annotating DocRE Corpus in other languages. This study has proposed
an annotation scheme assisted by existing language resources, whose effectiveness
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has been observed in Japanese. However, to verify the soundness of the proposed
scheme thoroughly, it is preferred to construct datasets in multiple languages.
Due to the constraints of time and resources, these explorations are deferred to
future studies.

Cross-lingual DocRE. As depicted in Section 5.3.4, existing DocRE models
have a limited cross-lingual transfer ability. Developing a system that better
addresses cross-lingual DocRE is another potential research direction. This effort
could also reduce human annotation costs by providing machine recommendations
of even higher quality.

Resolving the conflicts of extracted relation triples. To ensure the ef-
fectiveness of DocRE models in knowledge graph completion, merely extracting
relation triples from documents is not enough. An extra step needs to be con-
ducted to resolve the conflicts between extracted relation triples, and those with
existing triples in the knowledge base. Although such a post-processing step is
out of the scope of this dissertation, the direction should be considered seriously
when applying DocRE to actual use.

Combining DocRE models with LLMs. Nowadays, as LLMs are growing
to be the foundation models of modern NLP research, it is necessary to redefine
the purpose of DocRE research in the LLM era. As mentioned in recent works,
there is an increasing need for knowledge bases to improve the reliability of LLMs
by alleviating hallucinations and improving the reasoning abilities [1, 6, 68, 122].
It is thus a promising research direction to put DocRE models into actual use for
automatically completing knowledge bases, which can be adopted as an informa-
tion source for LLMs. Furthermore, LLMs can be utilized to provide supervisory
signals for DocRE models, which in turn will enhance their ability for knowledge
base completion.
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Appendix

This section outlines the guideline used in relation annotation phase described in
Chapter 5.
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日本語文書レベル関係抽出アノテーションマニュアル
日本語文書レベル関係抽出アノテーションマニュアル

作業内容
共参照アノテーションの修正
関係アノテーションの修正及び根拠文の提示

作業ツール
作業段階

第一段階
第二段階

作業手順
共参照アノテーション

自動認識共参照セットの固有表現添削
新規共参照セットの追加

関係アノテーション
自動認識関係の訂正

削除すべき関係
残すべき関係

根拠文の提示
根拠文の提示が不要な場合
根拠文の提示が必要な場合

新規関係の追加

関係ラベルセット
専門知識と常識

1. 作業内容

⽇本語のWikipedia⽂書2,000件に対して下記1.1，1.2の作業を行う．
ファイル名のフォーマットは以下の通り．上四桁を文書番号，下二桁を共参照・関係番号とする．文書番号と共参照・関係番号は，アンダーバー（_）で繋げる．

ただし，同じ文書番号を共有するファイルのテキストは同一であることに注意されたい．

1.1. 共参照アノテーションの修正

提供された文書には，既存の⾃然⾔語処理技術で共参照アノテーションが付与されている．共参照関係は，同じ実体を指す固有表現の間にだけ存在する（代名詞を考慮しない）．
なお，一つのアノテーションファイルにつき，共参照関係が1セットだけある．

1. 共参照関係が付与された複数固有表現のうち，実は違う実体を指す固有表現があった場合，該当固有表現を繋ぐ共参照関係を削除する．
2. 既に共参照関係が付与された固有表現のほかにも，同じ実体を指す固有表現があった場合，該当固有表現との共参照関係を追加する（＊既存共参照セットの固有表現添削について）．
3. 自動認識されなかった共参照関係のセットを追加する（＊共参照の追加について）．

1.2. 関係アノテーションの修正及び根拠文の提示

提供された文書には，既存の⾃然⾔語処理技術で関係アノテーションが付与されている．一つのアノテーションファイルにつき，関係が1つだけある．
各ファイルの関係は，テキストの文脈から推測できるもの（すなわち，専門知識がない人間が文書を読んだ上で，常識に基づいて推論できるもの）か精査する．簡易のため，自動付与された関係ラベル
を rel とする（＊専門知識と常識）．

1. 関係 rel が文脈から推測できず，専門知識が必要か，そもそも関係が間違っている場合，関係 rel を削除する．
2. 関係 rel が文脈から推測できる場合，推測の根拠を文単位で提示する（＊根拠文の提示について）．
3. 自動抽出されなかったが，文脈から推測できる関係ラベル rel を付与する（＊関係の追加について）．

2. 作業ツール

brat

3. 作業段階

アノテーション作業を二段階で行う．

3.1. 第一段階

文書番号0000~0399の文書に対し，1.1と1.2の作業を行う．

納品対象：文書番号0000~0399のまとめファイル（ .txt 及び .ann 形式）．関係別ファイルは提供しなくても良い

第一段階の結果に基づき，作業依頼者の方で関係抽出器を再学習し，関係の自動付与結果を更新する．

3.2. 第二段階

残り全ての文書（文書番号0400~1999）に対し，1.1と1.2の作業を行う．

納品対象：文書番号0400~1999のまとめファイル（ .txt 及び .ann 形式）．関係別ファイルは提供しなくても良い

なお，自動アノテーションは更新後のものを使う．

4. 作業手順

文書0002を例に，アノテーションの手順を具体的に説明する．

4.1. 共参照アノテーション

(1) 自動認識共参照セットの固有表現添削

まず自動認識された共参照のセットが正確であるかを精査する．自動認識された共参照は，セット毎にアノテーションファイルが作られ，おおよそ文書での出現順で並べられている．なお，各ファイルにおける
添削作業をし終えた次第，次のファイルに進んで良い（ファイル毎で文書全体を読む必要はない）．

例えば，アノテーションファイル 0002_(00) （文書0002の00番目の共参照セット）の中身は以下とする．



堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。
官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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このファイルでは，1番目の文にある固有表現「堀　直宥」と「ほり　なおさだ」・3番目の文にある固有表現「堀直良」が共参照として認識されている．
以下の理由から，当共参照セットは不適切であり，添削が必要である．

「堀直良」だけ別の実体を指している
「三四郎」・「三右衛門」・「直虎」・「直勝」も「堀　直宥」・「ほり　なおさだ」と同じ実体を指している

添削作業の内容は以下である．

誤認識された固有表現（「堀直良」）と他を繋げる関係ラベル「共参照」をダブルクリックし，それを削除する
認識されなかった固有表現（「三四郎」・「三右衛門」・「直虎」・「直勝」）を既に共参照関係のある固有表現とそれぞれ繋ぎ，関係ラベル「共参照」を付与する．なお，既に共参照関係のある固有表現であれ
ば，どれに繋げてもよい

最終的には，同じ実体を指す全ての固有表現だけに共参照関係が付与されていることを確認されたい（以下参照）．

堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。
官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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なお，基本的には文字列が同じであれば共参照とし，関係ラベルを付与する際に不整合が生じた場合だけベストエフォートで修正する．

(2) 新規共参照セットの追加

自動認識されなかった共参照セットを全ての共参照アノテーションをまとめたファイルに追加する（まとめファイルは作業者の都合の良いように作成して頂きたい）．なお，全ての共参照セットを検出すること
を目的とせず，ベストエフォートで行う．

例えば，文書0002の共参照アノテーションまとめファイル 0002_(all) の中身は以下とする．



堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。

官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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このファイルでは，「元禄11年」と「1698年」の共参照関係が欠落している．そのため，「元禄11年」と「1698年」の共参照関係を以下のように 0002_(all) に追加する．

堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。

官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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4.2. 関係アノテーション

以降では関係事例を（head, rel, tail）の三つ組として表記し， head と tail は固有表現， rel は関係ラベルとする．

(1) 自動認識関係の訂正

まず自動認識された関係が正確かどうかを精査する．自動認識された関係は，文書での出現順でファイル毎に一つだけ配置されている．なお，固有表現のペア一つに対して，関係ラベルが複数存在し得ること
に注意されたい．各ファイルにおける作業をし終えた次第，次のファイルに進んで良い（ファイル毎で文書全体を読む必要はない）．



削除すべき関係

文脈から明らかに間違っている関係は削除する．固有表現 head と tail は文脈的な繋がりがあり，その繋がりから見て関係 rel は不適切な場合，関係 rel を削除する．
例えば，以下の自動アノテーションを考える．

堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。
官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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ここでは，6番目の文にある固有表現「直央」は3番目の文にある固有表現「堀直良」の「子」であると示している．
しかし文脈から見て，「直央」は「堀直良」の子でなく，孫であるため，この関係ラベルが不適切である．
よって，当関係ラベルをダブルクリックし，それを削除する．

文脈から明示されていなく，かつ判断するのに専門知識が必要となる（作業者から見て非自明である）関係は削除する．文脈的な繋がりがなく，かつ常識の枠を超えた関係は，知識としての正しさを問わずに
削除する．
例えば，以下の自動アノテーションを考える．

堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。
官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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ここでは，11番目の文にある「椎谷」は「三島郡」という行政区画に位置すると示している．この関係は知識的に正しいが，以下の問題点がある．

文書から，「椎谷」が「三島郡」にあることを示唆するようなヒントはない
常識を加えても，「椎谷」が「越後国沼垂郡」・「蒲原郡」・「三島郡」のいずれかにあるのを推測できるが，「三島郡」までは特定できない

よって，当関係ラベルをダブルクリックし，それを削除する．

残すべき関係

文脈から明示的に示されているものは残す．固有表現 head と tail は文脈的な繋がりがあり，その繋がりから見て関係 rel は適切である場合，関係 rel を残す．
一例として，以下の自動アノテーションを考える．



堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。

官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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ここでは，6番目の文にある固有表現「直央」が，12番目の文にある固有表現「椎谷藩」の「政府の長」であると示している．
文脈から，以下の情報が汲み取れる．

「直央」は「堀　直宥」の長男（文6，文13）
「堀　直宥」は「椎谷藩」の藩主（文1）
「堀　直宥」の死後，跡を「直央」に継がせた（文13）

よって，関係（椎谷藩，政府の長，直央）が文脈から明示的に示されていることから，正しい関係として残す．

文脈から明示されていないが，常識を加えると推測できるものは残す．明示的に示されていないが，固有表現 head と tail は文脈的にある程度の繋がりがあり，さらに常識を加えると関係 rel が推測できれ
ば，関係 rel を正しいとして残す．
一例として，以下の自動アノテーションを考える．

堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。
官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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ここでは，6番目の文にある固有表現「大沢直衛」が，2番目の文にある固有表現「椎谷堀家」に所属すると示している．
文脈から，以下の情報が汲み取れる．

「大沢直衛」は「堀　直宥」の五男（文6）
「堀　直宥」は「椎谷堀家」に所属する（文1，文2）

さらに，「子は親と同じ家系に所属することがよくある」という人間の一般常識がある．
よって，文脈での繋がり及び常識により，（大沢直衛，所属団体，椎谷堀家）が推測できることから，この関係を正しいとして残す．

(2) 根拠文の提示

正しい関係（head, rel, tail）に対して，それを裏付ける根拠を文単位で提示されたい．
根拠文の提示は，該当関係のラベルをダブルクリックし，Notes欄に根拠文のIDをコンマ区切りで記入する形で行う．
ただし，固有表現 head と tail が所在する文を根拠文と黙認する．このため， head と tail が所在する文だけで rel を推測できる場合は，根拠文の提示が不要とする．

根拠文の提示が不要な場合

例えば，以下の関係アノテーションを考える．



堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。
官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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ここでは，関係（堀 直宥，生年月日，寛文5年11月17日）が示されている．常識上，「氏名（生年月日－没年月日）」という一般的な表記形式があることから，この関係を正しいとして残す．
我々人間は文1で当関係を推測できたことから，当関係の根拠文は文1だけである．一方， head である「堀 直宥」と tail である「寛文5年11月17日」両方が所在する文1は，既に根拠文として黙認されるた
め，根拠文の提示は不要である．

さらに以下の関係アノテーションを考える．

堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。
官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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ここでは，文6にある固有表現「直央」は文1にある固有表現「堀 直宥」の子である関係が示されている．この関係は，両固有表現がそれぞれ所在する文6と文1から直接読み取れるため，根拠文の提示は不要で
ある．

根拠文の提示が必要な場合

以下のアノテーションを考える．

堀 直宥(ほり なおさだ、寛⽂5年11⽉17⽇(1665年12⽉23⽇) - 正徳元年6⽉8⽇(1711年7⽉23⽇))は、江⼾時代前期から中期の⼤名で、上総⼋幡藩第2代藩主、越後椎⾕藩初代藩主。

椎⾕堀家4代。

上総⼋幡藩初代藩主・堀直良の⻑男。

⺟は植村家貞の娘。

正室は新庄藩主・桑⼭⼀⽞の娘(岸和⽥藩主・岡部⾏隆の養⼥)。

⼦は直央(⻑男)、直意(次男)、直恒(四男)、⼤沢直衡(五男)。

通称は三四郎、三右衛⾨。

諱は初め直⻁、直勝。

官位は従五位下、式部少輔。

元禄4年(1691年)、⽗の死により家督を相続した。

元禄11年(1698年)、所領を越後国沼垂郡・蒲原郡・三島郡に移され、陣屋を椎⾕に定めた。

これにより椎⾕藩が成⽴した。

正徳元年(1711年)に死去し、跡は⻑男の直央が継いだ。
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副節：残すべき関係で説明されたように，ここの関係（椎谷藩，政府の長，直央）は，文1・6・13から推測できる．このため， head である「椎谷藩」が所在する文12と tail である「直央」が所在する文6以
外にも，文1と文13を根拠文として提示する必要がある．

具体的には，関係ラベル「政府の長」をダブルクリックし，根拠文を以下のようにNotes欄に記入する．



(3) 新規関係の追加
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なお，共参照関係のある固有表現は，共参照セットの内任意の固有表現と紐付けていれば良い．

例えば，文書0002の関係まとめファイル 0002_all の中身は以下とする．
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このファイルでは，以下の関係が欠落していると判断し，関係及び根拠文のアノテーションを追加する（タイムリミット：3分）．

+ （堀 直宥，所属団体，椎谷堀家）
+ （直央，所属団体，椎谷堀家）
+ （直意，所属団体，椎谷堀家）
+ （直恒，所属団体，椎谷堀家）
+ （大沢直衡，所属団体，椎谷堀家）
+ （大沢直衡，兄弟姉妹，直恒）
+ （上総八幡藩，政府の長，堀 直宥）
+ （越後椎谷藩，政府の長，堀 直宥）
+ （上総八幡藩，政府の長，堀直良）
+ （新庄藩，政府の長，桑山一玄）
+ （岸和田藩，政府の長，岡部行隆）
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5. 関係ラベルセット

関係ラベルセットの設計は，自由利用可能・多言語などを特徴とする構造化データのデータベース・ウィキデータに基づく．
ウィキデータでは項目（実体）間の関係を表すものとして，「国籍」・「所属団体」・「所在地」などのプロパティが定義されている（詳細はWikidata:はじめにを参照）．

作業対象となる関係ラベルは，ウィキデータのプロパティから以下28種類を選出した．抽出された関係情報を三つ組の形（head, rel, tail）とし，固有表現 head と tail の種類によって付与できる関係 rel の種
類が制限される．

ORG＝組織名（ORGANIZATION），PER＝人名（PERSON），LOC＝地名（LOCATION），ART＝固有物名（ARTIFACT），DATE＝日付表現（DATE）．各行のWikidata IDをクリックすると，対応するWikidataペー
ジに遷移できる．さらに関係の説明や具体例を確認したい場合は遷移先に参照されたい．

Relation
ID (RID)

label
Wikidata
ID

head tail description example

位置関係
（Physical）

01 政庁所在地（Capital） P1376 LOC LOC
tailはheadを行政の中心とする国・州・
行政区画．

（東京，政庁所在地，日本）

02
位置する行政区画
（AdministrativeLocation）

P131 ORG/LOC/ART LOC tailはheadが位置している行政区画．
（東京ディズニーランド，
位置する行政区画，千葉県）

03 所在地（Location） P276 ORG/LOC/ART LOC
移動可能な物がある場所，構造物の所在地，
出来事の発生地．tailは行政区画でないもの．

（鳥獣人物戯画，所在地，高山寺）

04 活動地（WorkLocation） P937 ORG/PER LOC headは人物・組織（芸術家など）で，
tailはそれが活動（作品の創作など）

（フィリッポ・ブルネレスキ，活動地，
フィレンツェ）



Relation
ID (RID)

label
Wikidata
ID

head tail description example

をした場所．

固有属性
（General
Affiliation）

05
国籍
（CountryOfCitizenship）

P27 PER LOC tailはheadを自国の市民として認めている国．
（ナポレオン・ボナパルト，国籍，
フランス第一帝政）

06 生年月日（DateOfBirth） P569 PER DATE
tailはheadの人物が生まれた日付．
tailが完全な日付（XXXX年XX月XX日）
である必要はない．

（アイザック・ニュートン，生年月日，
1642年）

07 没年月日（DateOfDeath） P570 PER DATE
tailはheadの人物が死亡した日付．
tailが完全な日付である必要はない．

（アイザック・ニュートン，没年月日，
1727年3月20日）

08 生地（PlaceOfBirth） P19 PER LOC tailはheadの人物が生まれた場所． （坂本龍馬，生地，土佐国土佐郡）

09 没地（PlaceOfDeath） P20 PER LOC tailはheadの人物が死亡した場所． （坂本龍馬，没地，京都）

10 前項（Follows） P155 ORG/LOC/ART ORG/LOC/ART
headが国家・組織の場合，tailがその前身；
headが創作物の場合，tailがその前巻・前作．

（トルコ，前項，オスマン帝国）

人間ー社会関係
（Personal-
Social）

11 子（Child） P40 PER PER
headはtailの子．
（wikidataでの定義と方向が異なる）

（イエス・キリスト，子，聖母マリア）

12 兄弟姉妹（Sibling） P3373 PER PER
tailはheadの兄弟姉妹．
（headとtailは対称で方向なし）

（源義経，兄弟姉妹，源頼朝）

13 配偶者（Spouse） P26 PER PER
tailはheadの配偶者．
（headとtailは対称で方向なし）

（ジョー・バイデン，配偶者，ジル・
バイデン）

14
参加イベント
（PartifipantIn）

P1344 ORG/PER/LOC ART
tailはhead（人物や組織・グループ）が参加・
出場したイベント．

（大谷翔平，参加イベント，ワールド・
ベースボール・クラシック）

全体ー部分関係
（Part-Whole）

15 所属団体（MemberOf） P463 ORG/PER/LOC ORG
headは人物・組織で，
tailはそれが所属している団体．

（二宮和也，所属団体，嵐）

16 構成要素（PartOf） P361 ORG/LOC/ART ORG/PER/LOC/ART
headはtailの構成要素．
R15に属さない全体ー部分関係に付与する．

（副都心線，構成要素，東京メトロ）

組織所属関係
（Organization
Affiliation）

17
政府の長
（HeadOfGovernment）

P6 ORG/LOC PER
headは行政府（国・都道府県・市・
町その他の自治体）か政府機関で，
tailはその長

（ドイツ，政府の長，オラフ・ショルツ）

18 所有者（OwnedBy） P127 LOC/ART ORG/PER/LOC
headは人工物で，tailはその所有者（人・
組織・自治体・国家）．

（エッフェル塔，所有者，パリ）

19 創設者（FoundedBy） P112 ORG/LOC PER
headは組織・場所で，
tailはその創設者または共同創設者．

（第一国立銀行，創設者，渋沢栄一）

20 雇い主（Employer） P108 PER ORG/PER
headは人物で，tailはそれを雇用する人・
組織．

（ニール・アームストロング，雇い主，
NASA）

21 運営元（Operator） P137 LOC/ART ORG/PER/LOC
headはサービス・施設・設備で，
tailはそれを運営する人・組織・自治体・
国家．

（山手線，運営元，JR東日本）

22 出身校（EducatedAt） P69 PER ORG tailはheadの出身校． （白川英樹，出身校，東京工業大学）

知的財産が
関わる関係
（Intellect-
Related）

23 受賞（AwardReceived） P166 ORG/PER ART
headは人物・組織で，tailはそれが受けた賞・
表彰．

（川端康成，受賞，ノーベル文学賞）

24 作者（Creator） P170 ORG/PER/LOC/ART ORG/PER
headは作品あるいは（架空の）人物・組織・
場所・固有物で，tailはその作者．

（舞姫，作者，森鴎外）

25 演者（Performer） P175 PER/ART ORG/PER
headは作中人物或いは音楽作品で，
tailはそれを演じた（演奏した）人・組織．

（徳川家康，演者，松本潤）

26 発行元（Publisher） P123 ART ORG/PER
headは本・出版物・ゲーム・
ソフトウェアで，tailはその発行者・出版社・
発売元・販売元

（ポケモンSV，発行元，株式会社ポケモン）

27
登場する作品
（PresentInWork）

P1441 ORG/PER/LOC/ART ART
headは（架空の）人物・組織・場所・
固有物で，tailはそれが登場する作品．

（諸葛孔明，登場する作品，三国志）

28 対応機種（Platform） P400 ART ART
headはソフトウェアで，
tailはそれの開発及びリリースされた機種

（ゼルダの伝説ティアーズオブザキングダム，
対応機種，Nintendo Switch）

6. 専門知識と常識

今回の作業では「常識に準しているかどうか」を判断基準の一つとするが，「専門知識」か「常識」かの判断は作業者個々の直感に委ねる．

以上
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