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SYSTEM AND METHOD FOR RELATION EXTRACTION WITH ADAPTIVE
THRESHOLDING AND LOCALIZED CONTEXT POOLING

CROSS-REFERENCES

The present disclosure claims priority to American Patent Application No. 17/076014
filed on October 21, 2020, which is incorporated herein by reference in its entirety.

Some references, which may include patents, patent applications and various
publications, are cited and discussed in the description of this disclosure. The citation and/or
discussion of such references is provided merely to clarify the description of the present
disclosure and is not an admission that any such reference i1s “prior art” to the disclosure
described herein. All references cited and discussed in this specification are incorporated
herein by reference in their entirety and to the same extent as if each reference were

individually incorporated by reference.

FIELD OF THE DISCLOSURE
The present disclosure relates generally to relation extraction, and more specifically

related to relation extraction using adaptive thresholding and localized context pooling.

BACKGROUND OF THE DISCLOSURE

The background description provided herein is for the purpose of generally presenting
the context of the disclosure. Work of the presently named inventors, to the extent it is
described in this background section, as well as aspects of the description that may not
otherwise qualify as prior art at the time of filing, are neither expressly nor impliedly
admitted as prior art against the present disclosure.

Relation extraction (RE), which extracts relations between pairs of entities in plain
text, is an important task in Natural Language Processing (NLP). Relations can be extracted
from sentences or documents. Comparing to sentence-level RE, document-level RE poses
new challenges, because one document commonly contains multiple entity pairs, and one
entity pair may occur multiple times in the document associated with multiple possible
relations or multiple labels.

To tackle the multi-entity problem, most current approaches construct a document
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graph with dependency structures, heuristics, or structured attention, and then perform
inference with graph neural models. The constructed graphs bridge entities that spread far
apart in the document and thus alleviate the deficiency of RNN-based encoders in capturing
long-distance information. However, as transformer-based models can implicitly model
long-distance dependencies, it is unclear whether graph structures still help on top of
pretrained language models such as BERT. There have also been approaches to directly
apply pre-trained language models without introducing graph structures. They simply
average the embedding of entity tokens to obtain the entity embeddings and feed them into
the classifier to get relation labels. However, each entity has the same representation in
different entity pairs, which can bring noise from irrelevant context.

Therefore, an unaddressed need exists in the art to address the multi-entity, multi

label problem in document-level relation extraction.

SUMMARY OF THE DISCLOSURE

In certain aspects, the present disclosure provides two novel techniques, adaptive
thresholding and localized context pooling, to solve the multi-label and multi-entity
problems.  The adaptive thresholding replaces the global threshold for multi-label
classification in the prior work by a learnable entities-dependent threshold. The localized
context pooling directly transfers attention from pre-trained language models to locate
relevant context that is useful to decide the relation.

Specifically, the present disclosure provides the localized context pooling technique
instead of introducing graph structures. The localized context pooling solves the problem of
using the same entity embedding for all entity pairs. It enhances the entity embedding with
additional context that is relevant to the current entity pair. Instead of training a new context
attention layer from scratch, the disclosure directly transfers the attention heads from pre-
trained language models to get entity-level attention. Then, for two entities in a pair, the
disclosure merges their attentions by multiplication to find the context that is important to
both of them.

For the multi-label problem, existing approaches reduce it to a binary classification

problem. After training, a global threshold is applied to the class probabilities to get relation
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labels. This method involves heuristic threshold tuning and introduces decision errors when
the tuned threshold from development data may not be optimal for all instances. In
comparison, the present disclosure, provides the adaptive thresholding technique, which
replaces the global threshold with a learnable threshold class. The threshold class is learned
with an adaptive-threshold loss, which is a rank-based loss that pushes the logits of positive
classes above the threshold and pulls the logits of negative classes below in model training.
At the test time, the disclosure returns classes that have higher logits than the threshold class
as the predicted labels or return NA if such class does not exist. This technique eliminates
the need for threshold tuning, and also makes the threshold adjustable to different entity
pairs, which leads to much better results.

By combining the adaptive thresholding and the localized context pooling, the present
disclosure provides a simple yet novel and effective relation extraction model, named
ATLOP (Adaptive Thresholding and Localized cOntext Pooling), to fully utilize the power
of pre-trained language models. This model tackles the multi-label and multi-entity
problems in document-level RE. Experiments on three document-level relation extraction
datasets, DocRED, CDR, and GDA, demonstrate that the ATLOP model significantly
outperforms the state-of-the-art methods. DocRED is a large-scale document-level relation
extraction dataset constructed from Wikipedia and Wikidata, CDR is a dataset for chemical-
disease relations, and GDA is a dataset for gene-disease associations.

In certain aspects, the present disclosure relates to a system. In certain embodiments,
the system includes a computing device, and the computing device has a processer and a
storage device storing computer executable code. The computer executable code, when
executed at the processor, 1s configured to:

provide a document;

embed a plurality of entities in the document into a plurality of embedding vectors;
and

predict one of a plurality of relations between a first entity in the document and a
second entity in the document based on a first embedding vector and a second embedding
vector, the first embedding vector of the plurality of embedding vectors representing the first

entity, and the second embedding vector of the plurality of embedding vectors representing
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the second entity,

where the computer executable code is configured to embed and predict using a
language model stored in the computing device, each of the plurality of relations has an
adaptive threshold, and the one of the plurality of relations is determined to exist when a logit
of the relation is greater than a logit function of corresponding one of the adaptive thresholds
of the relations.

In certain embodiments, the computer executable code is configured to embed each of
the plurality of entities by summarizing at least one hidden representation of at least one
mention of the entity using LogSumExp (LSE).

In certain embodiments, the computer executable code is configured to predict one of
a plurality of relations by calculating a local context pooling for a pair of entities selected
from the plurality of entities using;:

A0 = AE - AE,

g =TI, 4,49,

a(50) = g0 /1T g(50) and

c(50) = HT (50

where the pair of entities has a subject entity and an object entity, AZ is a token-level
attention of the subject entity, AZ is a token-level attention of the object entity, A is a
multiplication of AE and AE, H in ¥, A, is a number of attention heads, 4, is an i-th
multiplication of H multiplications, a®®°) is normalization of ¢ to sum 1, H in H' a®°) is
the last layer embedding of pre-trained language models, and c®° is the local context
pooling for the pair of entities.

In certain embodiments, hidden states of the subject entity and the object entity are

determined by:
ZS(S’O) = tanh(Wshes + WClc(S'O)), and
zés’o) = tanh(Woheo + WCZC(S'O)),
where h,_1s the embedding of the subject entity, Zs(s’o) is hidden state of the subject

entity, h, is the embedding of the object entity, ng’o) is hidden state of the object entity, and

W, W, W,q, and W, are model parameters.
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In certain embodiments, the computer executable code is configured to predict
relation between the subject entity and the object entity using:

logit, = Y& zTWizi + b,

where logit, is logit function of the subject entity ey and the object entity e, in

regard to the relation r, k 1s a positive integer, dimensions of the Zs(s’o) are divided by & to

form a plurality of z!, dimension of the z*°) are divided by k to form a plurality of z}, and
WL and b, are model parameters. When the logit, is greater than a logit function of a

learnable threshold 7H of the relation r, the subject entity e, and the object entity e, have the

relation r. In certain embodiments, wherein the dimensions of the ZS(S’O) and the dimensions

of the Z((,S’O) are 768, and k1s 12.

In certain embodiments, the language model includes at least one of a bidirectional
encoder representations from transformer (BERT), a robustly optimized BERT approach
(roBERTa), SciBERT, a generative pre-training model (GPT), a GPT-2, and a
reparameterized transformer-XL network (XLnet).

In certain embodiments, the language model has a BERT based architecture, and loss
function for training the language model is determined by:

logit, = Xi2 2" Wizs + by,

Xl eppu(TH} ©XP (logit,r)

Lz — _ 10g< exp(logitry) >7 and

X eNpU(TH} exp(logit,r)

L=1L+1L,,

where logit, is the logit function of the subject entity e, and the object entity e,, r
represents a relation, k is a positive integer, dimensions of the Zs(s’o) are divided by & to form
a plurality of z!, dimension of the Z(SS’O) are divided by & to form a plurality of z5, WL and b,
are model parameters, 7H is a learnable threshold of the relation, Py represents positive
classes of relations, NT represents negative classes of relations. In certain embodiments,
wherein the dimensions of the z&*) and the dimensions of the z&°) are 768, and k is 12.

In certain embodiments, the computer executable code is further configured to: use
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the first entity, the second entity, and the predicted one of the plurality of relations between
the first entity and the second entity to construct a knowledge graph. The knowledge graph
may be, for example, a general knowledge graph containing human knowledge, a fashion
graph containing features of fashion products, a gene-disease graph containing relationships
between human genes and human diseases related to the genes, or a chemical-disease graph
containing relations between chemicals and diseases.

In certain embodiments, the computer executable code is further configured to, when
a question includes the first entity and the second entity, and the document is predetermined
to contains an answer to the question: use the predicted one of the plurality of relations to
form the answer.

In certain aspects, the present disclosure relates to a method. In certain embodiments,
the method includes:

providing, by a computing device, a document;

embedding, by a computing device, a plurality of entities in the document into a
plurality of embedding vectors; and

predicting, by a computing device, one of a plurality of relations between a first entity
in the document and a second entity in the document based on a first embedding vector and a
second embedding vector, the first embedding vector of the plurality of embedding vectors
representing the first entity, and the second embedding vector of the plurality of embedding
vectors representing the second entity,

where the steps of embedding and predicting are performed by a language model
stored in the computing device, each of the plurality of relations has an adaptive threshold,
and the one of the plurality of relations is determined to exist when a logit of the relation is
greater than a logit function of corresponding one of the adaptive thresholds of the relations.

In certain embodiments, the steps of embedding of each of the plurality of entities are
performed by summarizing at least one hidden representation of at least one mention of the
entity using LogSumExp (LSE).

In certain embodiments, the step of predicting includes calculating a local context
pooling for a pair of entities selected from the plurality of entities using:

AGO) = A - AE,
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g0 = Z?=1Ai(s'o),

a(50) = g0 /1T g(50) and

c(50) = HT (50

where the pair of entities comprises a subject entity and an object entity, A% is a
token-level attention heads of the subject entity, AZ is a token-level attention heads of the
object entity, A®9) is a multiplication of AE and AL, H in Y2, A, is a number of
attention heads, 4;%° is an i-th multiplication of A multiplications, a®°) is normalization of
g to sum 1, H in HTa®®°) is the last layer embedding of pre-trained language models, and
c$9) is the local context pooling for the pair of entities.

In certain embodiments, hidden states of the subject entity and the object entity are
determined by:

ZS(S’O) = tanh(Wshes + W;ic©9), and

(s ) = tanh(W h, + Weycs 0))
where h,_1s the embedding of the subject entity, Zs(s’o) is hidden state of the subject

entity, k. 1s the embedding of the object entity, Zés’o) is hidden state of the object entity, and
W, W, W,q, and W, are model parameters.

In certain embodiments, the step of predicting relation between the subject entity and
the object entity is performed using:

logit, = Y& zTWizi + b,

where logit, is logit function of the subject entity e, and the object entity e, in

regard to the relation 7, k 1s a positive integer, dimensions of the Zs(s’o) are divided by £ to

form a plurality of z., dimension of the ng’o) are divided by & to form a plurality of z., and
WL and b, are model parameters. When the logit, is greater than the logit of a learnable
threshold TH of the relation r, the subject entity e; and the object entity e, have the relation
r.

In certain embodiments, the language model comprises a bidirectional encoder
representations from transformer (BERT), SciBERT and the loss function for training the

language model is determined by:
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logit, = ¥i21 25" Wizs + by,

L =— ZrEPT log <Z exp(logit,) >7

! ePpu(TH} 8XP (logit,r)

L,=— log< exp(logitry) > and

X! eNpU(TH} €XP (logit,r)
L = L1 + Lz,

where logit, is logit function of the subject entity e, and the object entity e, in

regard to the relation r, k is a positive integer, dimensions of the ZS(S’O) are divided by & to

form a plurality of z!, dimension of the ng’o) are divided by k to form a plurality of z}, Wt

and b, are model parameters, 7H is a learnable threshold of the relation, Py represents
positive classes of relations, and N7 represents negative classes of relations.

In certain embodiments, the method further includes: using the first entity, the second
entity, and the predicted one of the plurality of relations between the first entity and the
second entity to construct a knowledge graph

In certain embodiments, the method further includes, when a question includes the
first entity and the second entity, and the document is predetermined to comprise an answer
to the question: using the predicted one of the plurality of relations to form the answer.

In certain aspects, the present disclosure relates to a non-transitory computer readable
medium storing computer executable code. The computer executable code, when executed at
a processor of a computing device, is configured to perform the method described above.

These and other aspects of the present disclosure will become apparent from
following description of the preferred embodiment taken in conjunction with the following
drawings and their captions, although variations and modifications therein may be affected

without departing from the spirit and scope of the novel concepts of the disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS
The accompanying drawings illustrate one or more embodiments of the disclosure
and together with the written description, serve to explain the principles of the disclosure.
Wherever possible, the same reference numbers are used throughout the drawings to refer to

the same or like elements of an embodiment.
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FIG. 1 schematically depicts an adaptive thresholding and localized context pooling
(ATLOP) system according to certain embodiments of the present disclosure.

FIG. 2 schematically depicts an example from DocRED dataset.

FIG. 3 schematically depicts the adaptive-thresholding loss according to certain
embodiments of the present disclosure.

FIG. 4 schematically depicts localized context pooling according to certain
embodiments of the present disclosure.

FIG. 5 schematically depicts a training process for the ATLOP relation extraction
application according to certain embodiments of the present disclosure.

FIG. 6 schematically depicts a inferring process for the ATLOP relation extraction
application according to certain embodiments of the present disclosure.

FIG. 7, Table 1 shows statistics of the datasets in experiments, where Ent., Ment., and
Doc. Are abbreviations of entity, mentions, and document, respectively.

FIG. 8, Table 2 shows hyper parameters of the ATLOP application according to
certain embodiments of the present disclosure.

FIG. 9, Table 3 shows results on the development and test set of DocRED. The table
reports mean and standard deviation of /; on the development set by conducting five runs of
training using different random seeds. The table reports the official test score of the best
checkpoint on the development set.

FIG. 10, Table 4 shows test F; score (in %) on CDR and GDA dataset. The table
reports mean and standard deviation of F; on the test set by conducting five runs of training
using different random seeds.

FIG. 11, Table 5 shows ablation study of ATLOP on DocRED. We turn off different
component of the model one at a time. We report the average dev F; score by conducting
five runs of training using different seeds.

FIG. 12, Table 6 shows result of different thresholding strategies on DocRED. Our
adaptive thresholding consistently outperforms other strategies on the test set.

FIG. 13 shows Dev F1 score of documents with different number of entities on
DocRED. Our localized context pooling achieves better result when the number of entities is

larger than five. The improvement becomes more significant when the number of entities
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increases.
FIG. 14 shows context weights of the example in FIG. 2 using localized context

poling according to certain embodiments of the present disclosure.

DETAILED DESCRIPTION

The present disclosure is more particularly described in the following examples that
are intended as illustrative only since numerous modifications and variations therein will be
apparent to those skilled in the art. Various embodiments of the disclosure are now described
in detail. Referring to the drawings, like numbers indicate like components throughout the
views. As used in the description herein and throughout the claims that follow, the meaning
of “a”, “an”, and “the” includes plural reference unless the context clearly dictates otherwise.
Also, as used in the description herein and throughout the claims that follow, the meaning of
“in” includes “in” and “on” unless the context clearly dictates otherwise. Moreover, titles or
subtitles may be used in the specification for the convenience of a reader, which shall have
no influence on the scope of the present disclosure. Additionally, some terms used in this
specification are more specifically defined below.

The terms used in this specification generally have their ordinary meanings in the art,
within the context of the disclosure, and in the specific context where each term is used.
Certain terms that are used to describe the disclosure are discussed below, or elsewhere in the
specification, to provide additional guidance to the practitioner regarding the description of
the disclosure. It will be appreciated that same thing can be said in more than one way.
Consequently, alternative language and synonyms may be used for any one or more of the
terms discussed herein, nor is any special significance to be placed upon whether or not a
term 1s elaborated or discussed herein. The use of examples anywhere in this specification
including examples of any terms discussed herein is illustrative only, and in no way limits the
scope and meaning of the disclosure or of any exemplified term. Likewise, the disclosure is
not limited to various embodiments given in this specification.

As used herein, the term “module” may refer to, be part of, or include an Application
Specific Integrated Circuit (ASIC); an electronic circuit; a combinational logic circuit; a field

programmable gate array (FPGA); a processor (shared, dedicated, or group) that executes

10
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code; other suitable hardware components that provide the described functionality; or a
combination of some or all of the above, such as in a system-on-chip. The term module may
include memory (shared, dedicated, or group) that stores code executed by the processor.

The term “code”, as used herein, may include software, firmware, and/or microcode,
and may refer to programs, routines, functions, classes, and/or objects. The term shared, as
used above, means that some or all code from multiple modules may be executed using a
single (shared) processor. In addition, some or all code from multiple modules may be stored
by a single (shared) memory. The term group, as used above, means that some or all code
from a single module may be executed using a group of processors. In addition, some or all
code from a single module may be stored using a group of memories.

The term “interface”, as used herein, generally refers to a communication tool or
means at a point of interaction between components for performing data communication
between the components. Generally, an interface may be applicable at the level of both
hardware and software, and may be uni-directional or bi-directional interface. Examples of
physical hardware interface may include electrical connectors, buses, ports, cables, terminals,
and other /O devices or components. The components in communication with the interface
may be, for example, multiple components or peripheral devices of a computer system.

The present disclosure relates to computer systems. As depicted in the drawings,
computer components may include physical hardware components, which are shown as solid
line blocks, and virtual software components, which are shown as dashed line blocks. One of
ordinary skill in the art would appreciate that, unless otherwise indicated, these computer
components may be implemented in, but not limited to, the forms of software, firmware or
hardware components, or a combination thereof.

The apparatuses, systems and methods described herein may be implemented by one
or more computer programs executed by one or more processors. The computer programs
include processor-executable instructions that are stored on a non-transitory tangible
computer readable medium. The computer programs may also include stored data. Non-
limiting examples of the non-transitory tangible computer readable medium are nonvolatile
memory, magnetic storage, and optical storage.

The present disclosure will now be described more fully hereinafter with reference to

11
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the accompanying drawings, in which embodiments of the present disclosure are shown.
This disclosure may, however, be embodied in many different forms and should not be
construed as limited to the embodiments set forth herein; rather, these embodiments are
provided so that this disclosure will be thorough and complete, and will fully convey the
scope of the present disclosure to those skilled in the art.

FIG. 1 schematically depicts an Adaptive Thresholding and Localized cOntext
pooling (ATLOP) system according to certain embodiments of the present disclosure. As
shown in FIG. 1, the system 100 includes a computing device 110. In certain embodiments,
the computing device 110 may be a server computer, a cluster, a cloud computer, a general-
purpose computer, a headless computer, or a specialized computer, which provides relation
prediction and evidence prediction. The computing device 110 may include, without being
limited to, a processor 112, a memory 114, and a storage device 116. In certain
embodiments, the computing device 110 may include other hardware components and
software components (not shown) to perform its corresponding tasks. Examples of these
hardware and software components may include, but not limited to, other required memory,
interfaces, buses, Input/Output (I/O) modules or devices, network interfaces, and peripheral
devices.

The processor 112 may be a central processing unit (CPU) which is configured to
control operation of the computing device 110. The processor 112 can execute an operating
system (OS) or other applications of the computing device 110. In certain embodiments, the
computing device 110 may have more than one CPU as the processor, such as two CPUs,
four CPUs, eight CPUs, or any suitable number of CPUs.

The memory 114 can be a volatile memory, such as the random-access memory
(RAM), for storing the data and information during the operation of the computing device
210. In certain embodiments, the memory 114 may be a volatile memory array. In certain
embodiments, the computing device 110 may run on more than one memory 114.

The storage device 116 is a non-volatile data storage media for storing the OS (not
shown) and other applications of the computing device 110. Examples of the storage device
116 may include non-volatile memory such as flash memory, memory cards, USB drives,

hard drives, floppy disks, optical drives, solid-state drive, or any other types of data storage

12
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devices. In certain embodiments, the computing device 110 may have multiple storage
devices 116, which may be identical storage devices or different types of storage devices, and
the applications of the computing device 110 may be stored in one or more of the storage
devices 116 of the computing device 110.

In this embodiments, the processor 112, the memory 114, and the storage device 116
are component of the computing device 110, such as a server computing device. In other
embodiments, the computing device 110 may be a distributed computing device and the
processor 112, the memory 114, and the storage device 116 are shared resources from
multiple computing devices in a pre-defined area.

The storage device 116 includes, among other things, an ATLOP relation extraction
application 118, training data 130 and prediction data 132. The ATLOP relation extraction
application 118 is configured to train its model structure using the training data 130 and
make predictions from the prediction data 132. The training data 130 and the prediction data
132 are optional for the computing device 110, as long as the training and prediction data
stored in other devices is accessible to the ATLOP relation extraction application 118.

As shown in FIG. 1, the ATLOP relation extraction application 118 includes a
document preparation module 120, an encoder 122, a classifier 124, a function module 126,
and an interface 128. In certain embodiments, the ATLOP relation extraction application
118 may include other applications or modules necessary for the operation of the ATLOP
relation extraction application 118. It should be noted that the modules 120-128 are each
implemented by computer executable codes or instructions, or data table or databases, or a
combination of hardware and software, which collectively forms one application. In certain
embodiments, each of the modules may further include sub-modules. Alternatively, some of
the modules may be combined as one stack. In other embodiments, certain modules may be
implemented as a circuit instead of executable code. In certain embodiments, the modules
can also be collectively named a model, which can be trained using training data, and after
well trained, can be used to make a prediction.

The document preparation module 120 is configured to prepare training samples or
query samples, and send the prepared training samples or query samples to the encoder 122.

Given a training sample or query sample such as a document d, and a set of entities {e;}7,

13
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the document preparation module 120 is configured to define a set of relations R and a
relation {NA}. The relation {NA} means no relation. For the training sample, the document
preparation module 120 is further configured to provide ground truth labels of the relations
corresponding to the entities. In certain embodiments, when the training sample or query
samples are in a format consistent with the requirements of the encoder 122 and the classifier
124, the document preparation module 120 may simply input the samples to the encoder 122
and the classifier 124. In certain embodiments, when the training sample or query samples
are in a format slightly different from the requirements of the encoder 122 and the classifier
124, the document preparation module 120 may revise the format such that the revised
format is consistent with the requirements of the encoder 122 and the classifier 124.

Given the document d, the set of entities {e;}/-,, the predefined set of relations R, and
the relation {NA}, the task of document-level relation extraction is to predict a subset of
relations from R U {NA} between the entity pairs (€5, €,)s50=1..n;s20, Where R is the pre-
defined set of relations of interest, e and e, are identified as subject and object entities,

respectively, n 1s a total number of predefined entities, and » 1s a positive integer. The entity

e; may occur multiple times in the document d by entity mentions {m}}}f; where N is a

positive integer indicating the number of mentions of the entity e; in the document d, and mjl
is the j-th mention of the entity e; in the document d. A relation exists between entities
(es, €,) if it is expressed by any pair of their mentions. The entity pairs that do not express
any relation are labeled NA. At the training time, the model needs to predict the labels of all
entity pairs (€, €,)50=1..ns20 1 the document d and compare the prediction with the ground
true label. At the test time or query time, the model needs to predict the labels of all entity
pairs (€5, €5)s50=1..n;520 10 the document d.

FIG. 2 schematically depicts an example from DocRED dataset. As shown in FIG. 2,
the subject entity is “John Stanistreet,” the object entity is “Bendigo,” the relations are “place
of birth” and “place of death.” The “place of birth” relation is expressed in the first two
sentences, and the “place of death” relation is expressed in the last sentence. The other
entities in the document are also highlighted, but are irrelevant to the entity tuple of “John

Stanistreet-Bendigo.”
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Referring back to FIG. 1, the encoder 122 and the classifier 124 are based on a
language model, such as BERT, and are improvement of the language model. The encoder
122 is configured to, upon receiving the prepared document sample from the document
preparation module 120, encode the document to entity embeddings in the form of vectors,
and send the entity embeddings to the classifier 124. For a given document d, firstly, the
encoder 122 is configured to recognize the entities via named-entity recognition (NER) such
as spaCy, Stanza, Unified Medical Language Systems (UMLS) or Gene Ontology (GO), and
marks the entities for example by their spans. Kindly note that for training data, the entities
and relation labels are provided and there is no need to perform NER; and during inference,
the possible entities and possible relations may also be provided, and the NER may not be
necessary. Each entity may have multiple mentions in the document. Then the encoder 122
is configured to mark the position of the entity mentions by inserting a special symbol “*” at
the start and the end of each mentions. After marking the mentions, the encoder 122 is
configured to convert the documents containing the “*” marks into tokens, where each “*” is
a token. Therefore, the document d is now represented by tokes, i.e. d = {x;}',, where / is
a positive integer indicating the total number of tokens, and x; is the #-th of the / tokens. The
documents represented by the tokens are fed into a pre-trained language model, such as
BERT, to obtain the contextual embedding:

[hy, Ry, o By, o ] = BERT([x4, x5, .0, X4, o0, x1]) (1)

Here h; is a hidden vector or embedding of the token x;.

After the embedding of the tokens, the encoder 122 is further configured to take the
embedding of the start “*” in front of an entity mention as the embedding of that entity

mention. In certain embodiments, the disclose may also use the end the end “*” after the
entity as the mention. For the entity e; with mentions {m}}ell the encoder 12 is then
J=

configured to apply logsumexp pooling, a smooth version of max pooling, to get the entity

embedding k.,

Ne,
he, = log 2,2, exp (hm,) @
Here mjl is the j-th mention of the entity e; in the document d, N, is a positive integer

indicating the total number of entity mentions of the entity e;, and hm]. is the embedding of
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the j-th entity mention of the entity e; in the document d. The pooling accumulates signals
from mentions in the documents, and the pooling shows better performance compared to
mean pooling.

The classifier 124 1s configured to, upon receiving the entity embedding, predict
relations between any two of the entities, and send the relations to the function module 126.
Given the embeddings (hes, heo) of an entity pair e, e, computed by equation (2), the
classifier 124 is configured to map the entities to hidden states z with a linear layer followed
by non-linear activation, then calculate the probability of relation » by bilinear function and
sigmoid activation. This process is formulated as:

zs = tanh(W;h,) 3)

z, = tanh(W,h, ) (4)

P(rles e,) = 0(z{W;z, + b;)

Here W, € R**¢ W, € R4*¢ W, € R**4 b, € R are model parameters, and d is
dimensions of the embedding vectors. Zz; is the hidden state of the subject entity, z, is the
hidden state of the object entity, tanh is the hyperbolic tangent function, W is the weight for
the subject entity embedding h,_, W, is the weight for the object entity embedding h, , W,
is the weight for the relation r, and b, is a learnable constant for the relation r.

The representation of one entity is the same among different entity pairs. To reduce
the number of parameters in the bilinear classifier, the classifier 124 is configured to use the
group bilinear, which splits the embedding dimensions into k equal-sized groups and applies

bilinear within the groups:

[28; .5 2k .05 2K] = z,,

[2L; .5 25 .5 2] = 2,

P(rles e,) = 0(Xi, 2z Wizl + by) (5)

Here WL € R/**d/k for j=1 ... k are model parameters. P(r|es e,) is the

probability that relation r is associated with the entity pair (e, €,). In certain embodiments,
k=12 and d=768, and thus each of the 12 z! contains 64 dimensions of the total of 768
dimensions of the z;. In this way, the disclosure can reduce the number of parameters from

d? to d?/k. In certain embodiments, the number of vector dimensions and the & may have
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other values according to the situation.

In certain embodiments, instead of calculating the P(r|es, e,), the classifier 124
calculates logit, = Yk, zZIT Wizl + b,, where logit, is a logit function of the subject entity
es and the object entity e, in regard to the relation r, k is a positive integer, dimensions of the

ZS(S’O) are divided by k to form a plurality of z., dimension of the ng’o) are divided by k to

form a plurality of z}, and W and b, are model parameters. When the logit, is greater than
a learnable threshold 7H of the relation 7 or is greater than the logit of the learnable threshold
TH, the subject entity e, and the object entity e, have the relation 7.

The classifier 124 may use the binary cross entropy loss for training. During
inference, the classifier 124 may tune a global threshold 8 that maximizes evaluation metrics
(F; score for RE) on the development set and return r as an associated relation if
P(r|es, e,) > 0 or return NA if no relation exists. The application of the above described
logsumexp pooling in the encoder 122 and the application of the group bilinear in the
classifier 124 enhance the performance of the disclosure, which out performance that of a
state-of-the-art language model, such as BERT.

In certain embodiments, the classifier 124 is further improved by replacing the global
threshold 6 in the model with an adaptive thresholding. The classifier 124 outputs the
probability P(r|es, e,) within the range [0, 1], which needs thresholding to be converted to
relation labels. As the threshold neither has a closed-form solution nor 1s differentiable, a
common practice for deciding threshold is enumerating several values in the range [0, 1] and
picking the one that maximizes the evaluation metrics (¥ score for RE). However, the
model may have different confidence for different entity pairs or classes in which one global
threshold does not suffice. The number of relations varies (multi-label problem) and the
models may not be globally calibrated so that the same probability does not mean the same
for all entity pairs. To solve the problem, the classifier 124 is configured to replace the
global threshold with a learnable, adaptive one, which can reduce decision errors during
inference.

For the convenience of explanation, the disclosure splits the labels of entity pair
T = (e, e,) into two subsets: positive labels Py and negative labels Ny, which are defined as

follows:
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Positive labels Py € R are the relations that exist between the entities in 7. If 7" does
not express any relation, Py is empty.

Negative labels Nr € R are the relations that do not exist between the entities. If 7'
does not express any relation, N = R.

If an entity pair is classified correctly, the logit function (or the log-odds) of positive
labels should be higher than the threshold while those of negative labels should be lower.
The classifier 124 is configured to introduce a threshold class 7H, which is automatically
learned in the same way as other classes (see equation (5)). At the test time, the classifier
124 1s configured to return classes with higher logits than the TH class as positive labels or
return NA if such classes do not exist. This threshold class learns an entities-dependent
threshold value. It is a substitute for the global threshold and thus eliminates the need for
tuning threshold on the development set. In certain embodiments, as described above, the
classifier 124 is configured to calculate the logit logit, instead of the probability, and the
logit, is compared with the logit of the 7H to determine if the relation r exist or not.

To learn the new model, the classifier 124 is configured to define a special loss
function that considers the 7H class. Specifically, the classifier is configured to design the
adaptive thresholding loss based on the standard categorical cross entropy loss. The loss
function is broken down to two parts as shown below:

Y e ppu(TH} €XP (logit,r)

L= log< exp(ogitrn) >

2 renpugrny exp(logit,.r)

L=L,+1L,

The first part 1; involves positive labels and the 7H class. Since there may be
multiple positive labels, the total loss is calculated as the sum of categorical cross entropy
losses on all positive labels. ; pushes the logits of all positive labels to be higher than the
TH class. It is not used if there is no positive label. The second part I, involves the negative
classes and threshold class. It is a categorical cross entropy loss with 7H class being the true
label. It pulls the logits of negative labels to be lower than the 7H class. Two parts are

simply summed as the total loss.
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FIG. 3 schematically depicts the adaptive-thresholding loss according to certain
embodiments of the present disclosure. As shown in FIG. 3, the L/ loss considers the
positive classes Py and the TH class, and the L2 loss considers the 7H class and the negative
class Np. Comparing with the global threshold, the classifier 124 achieves a large
performance gain.

To accurately locating contexts that are closely related to the entity pair relation, the
present disclosure further improves the pooling in the encoder 122, which consequently
affect the hidden states in the classification by the classifier 124. Specifically, the logsumexp
pooling shown in the equation (2) accumulates the embedding of all mentions for an entity
across the whole document and generates one embedding for this entity. The entity
embedding is then used in the classification of all entity pairs. However, since some context
may express relations unrelated to the entity pair, it is better to have a localized
representation that only attends to the relevant context in the document that is useful to
decide to relation(s) for the entity pair.

Accordingly, the disclosure provides the localized context pooling, which enhances
the embedding of an entity pair with an additional context embedding that is related to both
entities. In certain embodiments, since the disclosure uses pre-trained transformer-based
models as the encoder 122, which has already learned token-level dependencies by multi-
head self-attention, the disclosure considers directly using their attention heads for localized
context pooling. This method transfers the well-learned dependencies from the pre-trained
language model without learning new attention layers from scratch.

Specifically, the disclosure uses the token-level attention heads 4 from the last
transformer layer in the pre-trained language model, where attention A;jx 1<i<h 1<jks
represents the importance of token k to token j in the i-th of a total of H attention head. For
entity mention that spans from the j'-th token (“*” symbol), the disclosure takes 4;_; as the
mention-level attention, then averages the attention over mentions of the same entity to
obtain entity-level attentions {A¥}/:, , where each attention A¥ € RF*L denotes the
importance of context tokens to the i-th entity in H attention heads (H for example can be 12
in BERT). Then for entity pair (ey, €,), the disclosure obtains the context tokens that are
important to both entities by multiplying their entity-level attentions followed by
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normalization:

A0 = AE - AE,

g0 = Z?=1Ai(5'o),

a0 = g0 /179 which means the total of the vector dimensions in g©°) is
normalized to be 1, that is, the summation of the dimensions of the a‘®?) vector is 1,

c®0) = HTq(59) the number dimensions of c($°) for example, may be 768.

Here ¢ is the localized contextual embedding for (e, e,). The contextual
embedding is fused into the pooled entity embedding to obtain entity representations that are

different for different entity pairs, by modifying the original linear layer in the equations (3)
and (4) as follows:

z8%) = tanh(Wh,, + W, c&9) (6)

Zés’o) = tanh(Woheo + Wczc(s'o)) (7

where W, W, € R% are model parameters.

FIG. 4 schematically depicts the localized context pooling according to certain
embodiments of the present disclosure. As shown in FIG. 4, the tokens at the same column
are the same tokens at different layers, tokens are weighted averaged to form the localized
context (%) of the entity pair (es, e,). The weights of tokens are derived by multiplying the
attention weights of the subject entity e and the object entity e, from the last transformer
layer so that only the tokens 402 and 404 that are important to both entities receive higher
weights.

Kindly note i in different context of the present disclosure may have different
meanings. For example, the 7 in e; is a positive integer and represents the i-th of the entities;
the i in z! is a positive integer and represents the i-th of the & components of the hidden
representation z; the 7 in z) is a positive integer and represents the i-th of the k£ components
of the hidden representation z,; the 7 in A;j 1<i<p1<j k<1 15 @ positive integer between 1 to H
and represents the i-th of the H attentions; the 7 in {A¥}2, is a positive integer between 1 to
m and represents the attention of the i-th entity.

Referring back to FIG. 1, the function module 126 is configured to, when the

document preparation module 120, the encoder 122, and the classifier 124 make the
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prediction of relations, use the predicted relations to perform a function. In certain
embodiments, the function is to construct a knowledge graph, and the function module 126 is
configured to incorporate the entity pairs and the predicted relations of the entity pairs into
the knowledge graph. Each entity may be a node in the knowledge graph, and the relations
may be the edges linking the corresponding entities. In certain embodiments, the function is
information retrieval from a database, and the function module 126 is configured to use a
training dataset for the database to train the encoder 122 and the classifier 124, infer
relationships from the database after training, and provide the entity pairs and its
relationships to a user. In certain embodiments, the function is a question and answer
system, and the function module 126 is configured to extract entities from the question, infer
entity relationships from an answer database or comment database, use the entities extracted
from the question and the inferred relationship to form an answer to the question, and provide
the answer to the user asking the question.

The interface 128 is configured to provide an interface for an administrator of the
ATLOP relation extraction application 118 to train the encoder 122 and the classifier 124,
and adjust model parameters, or is configured to provide an interface for a user to use the
ATLOP relation extraction application 118 to obtain an answer for a question, to construct or
complete a knowledge graph using documents.

FIG. 5 schematically depicts a training process for the ATLOP relation extraction
application according to certain embodiments of the present disclosure. In certain
embodiments, the training process is implemented by the computing device 110 shown in
FIG. 1. It should be particularly noted that, unless otherwise stated in the present disclosure,
the steps of the training process or method may be arranged in a different sequential order,
and are thus not limited to the sequential order as shown in FIG. 5.

As shown in FIG. 5, at procedure 502, the document preparation module 120 retrieves
the training data 130, and provides the training data 130 to the encoder 122. The training
data are documents with labeled entities and relations.

At procedure 504, for each document, the encoder 122 adds a symbol “*” at start and
end of mentions of entities, or in other words, immediately before and after the mentions of

the entities.
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At procedure 506, the encoder 122 uses the symbol “*” at the start of the mentions as
the token representing that mention, calculates an entity embedding using logsumexp, and
sends the entity embeddings to the classifier 124. Specifically, the encoder 122 has a basic
encoder structure of a language model, such as BERT, and obtains embedding for each token
in the training document, that 1s,

[hy, hy, o By, o By] = BERT([x4, X3, o) Xgy o0, X)) (1).

The embedding for each token is represented by a vector. The encoder 122 then uses
the embeddings of the tokens corresponding to the mentions of an entity to obtain the

embedding of the entity by logsumexp, that is,

h,, = log Zj":; exp (hmj) ().

At procedure 508, upon receiving the embeddings of the entities from the encoder
122, the classifier 124 calculates a local context pooling (local context embedding) for an
entity pair by:

AGO) = AF - AZ,

q(s,o) = Z?=1Ai(s'o),

a80) = g(50) /1T g(5.0)

c(50) = HT g(s.0)

At procedure 510, the classifier 124 calculates hidden states of the entities using the
entity embeddings and the local context pooling. Specifically, for relation prediction of an

entity pair containing a subject entity and an object entity, the hidden states of the entities are

calculated by:
z8%) = tanh(Wh,, + W, c&9) (6),
Zés’o) = tanh(Woheo + Wczc(s'o)) (7).

At procedure 512, after obtaining the hidden states of the entities in the entity pair,
the classifier 124 determines the logit between the entities using group bilinear:

logit, = Yk, zTWizl + b,

At procedure 514, for the logit between the entity pair corresponding to each relation,
the classifier 124 compares the determined logit with a logit of an adaptive threshold

corresponding to that relation (7H class), and determines that the relation exists if the logit
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equals to or is greater than the logit function of the threshold, or determines that the relation
does not exist if the probability is less than the threshold. Because the documents may
include multiple mentions and multiple relations for the entity pair, there may be one or more
determined relations for the entity pair.

At procedure 516, the classifier 124 calculates a loss function based on the adaptive

threshold using the equations of:

Y e ppu(TH} €XP (logit,r)

LZ - _ 10g< exp (logitry) >7

2 renpugrny exp(logit,.r)

L=L,+1L,

At procedure 518, the loss function is fed back to the model to adjust parameters of
the encoder 122 and the classifier 124, and another round of prediction is performed to
optimize the model.

Accordingly, the steps 506-518 are performed iteratively for the same document until
the loss L converges at a small value, or until a predetermined rounds of iterations have been
reached. Then the steps 502-518 are performed for another document in the training data. In
certain embodiments, each round of the training is performed by batch, and each batch
includes a number of documents, such as four documents.

FIG. 6 schematically depicts an inferring process for the ATLOP relation extraction
application according to certain embodiments of the present disclosure, after the ATLOP
relation extraction application is well-trained. In certain embodiments, the inferring process
is implemented by the computing device 110 shown in FIG. 1. It should be particularly
noted that, unless otherwise stated in the present disclosure, the steps of the training process
or method may be arranged in a different sequential order, and are thus not limited to the
sequential order as shown in FIG. 6. Kindly note that the training data of the ATLOP and the
document for prediction using ATLOP should be in the same field. For example, a training
of the ATLOP using Wikipedia data can be used to infer general knowledge from an article,
and a training of the ATLOP using biomedical data can be used to infer gen-disease relations

from biomedical papers.
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As shown in FIG. 6, at procedure 602, the document preparation module 120 retrieves
the prediction data 132, and provides the prediction data 132 to the encoder 122. The
prediction data are documents, the entities in the document may or may not be provided, and
there is no relation labels.

At procedure 604, for each document, the encoder 122 identifies entities from the
document via named-entity recognition such as spaCy or Stanza, and adds a symbol “*” at
start and end of mentions of the identified entities in the documents. The list of entities and
labels 1s preferably provided, and thus named-entity recognition is not required.

At procedure 606, the encoder 122 uses the symbol “*” at the start of the mentions as
the token representing that mention, calculates an entity embedding using logsumexp, and
sends the entity embeddings to the classifier 124. Specifically, the encoder 122 has a basic
encoder structure of a language model, such as BERT, and obtains embedding for each token
in the training document, that 1s,

[hy, Ry, o By, o ] = BERT([x4, x5, .0, X4, o0, x1]) ().

The embedding for each token is represented by a vector. The encoder 122 then uses
the embeddings of the tokens corresponding to the mentions of an entity to obtain the

embedding of the entity by logsumexp, that is,

h,, = log Zjvi‘l exp (hmj) Q).

At procedure 608, upon receiving the embeddings of the entities from the encoder
122, the classifier 124 calculates a local context pooling (local context embedding) for an
entity pair by:

A0 = AE - AE,

g =TI, 4,49,

a(50) = g.0) /1T g(5.0),

c(50) — gT g(s0)

At procedure 610, the classifier 124 calculates hidden states of the entities using the
entity embeddings and the local context pooling. Specifically, for relation prediction of an
entity pair containing a subject entity and an object entity, the hidden states of the entities are

calculated by:
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z8%) = tanh(Wh,, + W, c&9) (6),

Zés’o) = tanh(Woheo + Wczc(s'o)) (7).

At procedure 612, after obtaining the hidden states of the entities in the entity pair,
the classifier 124 determines the logit between the entities using group bilinear:

logit, = Y& zTWizi + b,.

At procedure 614, for the logit between the entity pair corresponding to each relation,
the classifier 124 compares the determined probability with an adaptive threshold
corresponding to that relation (7H class, which is obtained by the training process such as the
process shown in FIG. 5) or the logit of the T7H (logitry), and determines that the relation
exists if the logit, is greater than the logit function of the threshold logit;y, or determines
that the relation does not exist if the probability is less than the threshold. Because the
documents may include multiple mentions and multiple relations for the entity pair, there
may be one or more determined relations for the entity pair. The classifier 124 then sends the
entity pairs and the corresponding relations to the function module 126. Therefore, by the
inference, the entities in the document and the relations between the entities are obtained.

At procedure 616, upon receiving the entity pairs and the corresponding relations, the
function module 126 performs a function. The function may be, for example, constructing or
completing a knowledge graph using the entities as nodes and the relations as edges; or
providing an answer to a question where the entities are extracted from the question and the
entity pair relations are extracted from a database related to the question.

In certain aspects, the present disclosure relates to a non-transitory computer readable
medium storing computer executable code. In certain embodiments, the computer executable
code may be the software stored in the storage device 116 as described above. The computer

executable code, when being executed, may perform one of the methods described above.

Experiments

Datasets: Experiments are performed which prove the advantages of certain
embodiments of the ATLOP application of the present disclosure. The data set used in the
experiments includes DocRED, CDR, and GDA, which are shown in FIG. 7, Table 1.
DocRED (Yao et al. 2019) is a large-scale general-purpose dataset for document-level RE
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constructed from Wikipedia articles. It consists of 3053 human-annotated documents for
training. For entity pairs that express relation(s), about 7% of them have more than one
relation label. CDR (Li et al. 2016) 1s a human-annotated dataset in the biomedical domain.
It consists of 500 documents for training. The task is to predict the binary interactions
between Chemical and Disease concepts. GDA (Wu et al. 2019b) is a large-scale dataset in
the biomedical domain. It consists of 29192 articles for training. The task is to predict the
binary interactions between Gene and Disease concepts. The experiments follow
Christopoulou, Miwa, and Ananiadou (2019) to split the training set into an 80/20 split as
training and development sets.

Experiment Settings: The model of the disclosure is implemented based on Pytorch2
and Huggingface’s Transformers3. We use cased BERT-base (Devlin et al. 2019) or
RoBERTa-large (Liu et al. 2019) as the encoder on DocRED, and cased SciBERT-base
(Beltagy, Lo, and Cohan 2019) on CDR and GDA. We use mixed precision training
(Micikevicius et al. 2018) based on the Apex library4. Our model is optimized with AdamW
(Loshchilov and Hutter 2019) using learning rate € {2e — 5,3e — 5,5e¢ — 5,1e — 4}, with
a linear warmup (Goyal et al. 2017) for the first 6% steps followed by a linear decay to O.
All hyper-parameters are tuned on the development set. The hyper-parameters on all datasets
are listed in FIG. 8, Table 2.

For models that use a global threshold, we search threshold values from {0.1,0.2, ...,
0.9} and pick the one that maximizes dev F;. All models are trained with 1 Tesla V100
GPU. For DocRED dataset, the training takes about 1 hour 45 minutes with BERT-base
encoder and 3 hours 30 minutes with RoBERTa-large encoder. For CDR and GDA datasets,
the training takes 20 minutes and 3 hours 30 minutes with SciBERT-base encoder,
respectively.

Main results: We compare ATLOP with sequence-based models, graph based
models, and transformer-based models on the DocRED dataset. The experiment results are
shown in FIG. 9, Table 3. Following Yao et al. (2019), we use 7/ and Ign /] in evaluation.
The Ign /1 denotes the I/ score excluding the relational facts that are shared by the training
and dev/test sets.

Sequence-based Models. These models use neural architectures such as CNN
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(Goodfellow, Bengio, and Courville 2015) and bidirectional LSTM (Schuster and Paliwal
1997) to encode the entire document, then obtain entity embeddings and predict relations for
each entity pair with bilinear function.

Graph-based Models. These models construct document graphs by learning latent
graph structures of the document and perform inference with graph convolutional network
(Kipf and Welling 2017). We include two state-of-the art graph-based models, AGGCN
(Guo, Zhang, and Lu 2019) and LSR (Nan et al. 2020), for comparison. The result of
AGGCN is from the re-implementation by Nan et al. (2020).

Transformer-based Models. These models directly adapt pre-trained language models
to document-level RE without using graph structures. They can be further divided into
pipeline models (BERT-TS (Wang et al. 2019a)), hierarchical models (HIN-BERT (Tang et
al. 2020a)), and pre-training methods (CorefBERT and CorefRoBERTa (Ye et al. 2020)).
We also include the BERT baseline (Wang et al. 2019a) in our comparison.

We find that our re-implemented BERT baseline gets significantly better results than
Wang et al. (2019a), and outperforms the state-of-the-art RNN-based model BiLSTM-LSR
by 1.2%. It demonstrates that pre-trained language models can capture long-distance
dependencies among entities without explicitly using graph structures. After integrating
other techniques, our enhanced baseline BERT-EBASE achieves an F/ score of 58.52%,
which 1s close to the current state-of-the art model BERT-LSRBASE. Our BERT-
ATLOPBASE model further improves the performance of BERT-EBASE by 2:6%,
demonstrating the efficacy of the proposed two novel techniques. Using RoBERTa-large as
the encoder, our ALTOP model achieves an F1 score of 63.40%, which is a new state of-the-
art result on DocRED. We held the first position on Colab leaderboard5 as of September 9th,
2020.

Results on Biomedical Datasets: Experiment results on two biomedical datasets are
shown in FIG. 10, Table 4. Verga, Strubell, and McCallum (2018) and Nguyen and
Verspoor (2018) are both sequence-based models that use self-attention network and CNN as
the encoders, respectively. Christopoulou, Miwa, and Ananiadou (2019) and Nan et al.
(2020) use graph-based models that construct document graphs by heuristics or structured

attention, and perform inference with graph neural network. To our best knowledge,
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transformer-based pre-trained language models have not been applied to document-level RE
datasets in the biomedical domain. In experiments, we replace the encoder with
SciBERTgasg, which is pre-trained on multi-domain corpora of scientific publications. The
SciBERTgasg baseline already outperforms all existing methods. Our SCIBERTATLOPgasg
model further improves the F1 score by 4.3% and 1.4% on CDR and GDA, respectively, and
yields the new state-of-the-art results on these two datasets.

Ablation Study: To show the efficacy of our proposed techniques, we conduct two
sets of ablation studies on ATLOP and enhanced baseline, by turning off one component at a
time. As shown in FIG. 11, Table 5, we observe that all components contribute to model
performance. The adaptive thresholding and localized context pooling are equally important
to model performance, leading to a drop of 0.89% and 0.97% in dev F/ score respectively
when removed from ATLOP. Note that the adaptive thresholding only works when the
model is optimized with the adaptive-thresholding loss. Applying adaptive thresholding to
models trained with binary cross entropy results in dev 7'/ of 41.74%.

For our enhanced baseline model BERT-Egasg, both group bilinear and logsumexp
pooling lead to about 1% increase in dev F/. We find the improvement from entity markers
1s minor (0.24% in dev F/) but still use the technique in the model as it makes the derivation
of mention embedding and mention-level attention easier.

Analysis of Thresholding: Global thresholding does not consider the variations of
model confidence in different classes or instances, and thus yields suboptimal performance.
One interesting problem is whether we can improve global thresholding by tuning different
thresholds for different classes. Thus, we experiment on tuning class-dependent thresholds to
maximize the '/ score on the development set of DocRED using the cyclic optimization
algorithm (Fan and Lin 2007). Results are shown in FIG. 12, Table 6. We find that using
per-class thresholding significantly improves the dev F/ score to 61.73%, which is even
higher than the result of adaptive thresholding. However, this gain does not transfer to the
test set. The result of per-class thresholding is even worse than that of global thresholding.
While our adaptive thresholding technique uses a learnable threshold that can automatically
generalize to the test set.

Analysis of Context Pooling: To show that our localized context pooling (LOP)
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technique mitigates the multi-entity issue, we divide the documents in the development set of
DocRED into different groups by the number of entities, and evaluate models trained with or
without localized context pooling on each group. Experiment results are shown in FIG. 13.
We observe that for both models, their performance gets worse when the document contains
more entities. The model w/ LOP consistently outperforms the model w/o LOP except when
the document contains very few entities (1 to 5), and the improvement gets larger when the
number of entities increases. However, the number of documents that only contain 1 to 5
entities is very small (4 in the dev set), and the documents in DocRED contain 19 entities on
average. Therefore, our localized context pooling still improves the overall F/ score
significantly. This indicates that the localized context pooling technique can capture related
context for entity pairs and thus alleviates the multi-entity problem.

We also visualize the context weights of the example in FIG. 2. As shown in FIG.
14, our localized context pooling gives high weights to born and died, which are most
relevant to both entities (John Stanistreet, Bendigo). These two tokens are also evidence for
the two ground truth relationships place of birth and place of death, respectively. Tokens like
elected and politician get much smaller weights because they are only related to the subject
entity John Stanistreet. The visualization demonstrates that the localized context can locate
the context that is related to both entities.

In summary, certain embodiments of the present disclosure provide the ATLOP
model for document level relation extraction, which features at least two novel techniques:
adaptive thresholding and localized context pooling. The adaptive thresholding technique
replaces the global threshold in multi-label classification with a learnable threshold class that
can decide the best threshold for each entity pair. The localized context pooling utilizes pre-
trained attention heads to locate relevant context for entity pairs and thus helps in alleviating
the multi-entity problem. Experiments on three public document-level relation extraction
datasets demonstrate that our ATLOP model significantly outperforms existing models and
yields the new state-of-the-art results on all datasets.

The ATLOP model has downstream applications to many other NLP tasks, such as
knowledge graph construction, information retrieval, question answering and dialogue

systems.
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The foregoing description of the exemplary embodiments of the disclosure has been
presented only for the purposes of illustration and description and is not intended to be
exhaustive or to limit the disclosure to the precise forms disclosed. Many modifications
and variations are possible in light of the above teaching.

The embodiments were chosen and described in order to explain the principles of
the disclosure and their practical application so as to enable others skilled in the art to
utilize the disclosure and various embodiments and with various modifications as are suited
to the particular use contemplated. Alternative embodiments will become apparent to those
skilled in the art to which the present disclosure pertains without departing from its spirit
and scope. Accordingly, the scope of the present disclosure is defined by the appended
claims rather than the foregoing description and the exemplary embodiments described

therein.
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CLAIMS

What is claimed is:

1. A system comprising a computing device, the computing device comprising a
processer and a storage device storing computer executable code, wherein the
computer executable code, when executed at the processor, is configured to:

provide a document;

embed a plurality of entities in the document into a plurality of embedding
vectors; and

predict one of a plurality of relations between a first entity in the document
and a second entity in the document based on a first embedding vector and a second
embedding vector, the first embedding vector of the plurality of embedding vectors
representing the first entity, and the second embedding vector of the plurality of
embedding vectors representing the second entity,

wherein the computer executable code is configured to embed and predict
using a language model stored in the computing device, each of the plurality of
relations has an adaptive threshold, and the one of the plurality of relations is
determined to exist when a logit of the relation is greater than a logit function of

corresponding one of the adaptive thresholds of the relations.

2. The system of claim 1, wherein the computer executable code is configured to embed
each of the plurality of entities by summarizing at least one hidden representation of

at least one mention of the entity using LogSumExp (LSE).

3. The system of claim 1, wherein the computer executable code is configured to predict
one of a plurality of relations by calculating a local context pooling for a pair of
entities selected from the plurality of entities using:

AG) = A% - A7,
g = TiL, 4,57,
a0 = g(5:0) /1T (50 and
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c(50) = HTq(s0)

wherein the pair of entities comprises a subject entity and an object entity, AE
is a token-level attention heads of the subject entity, AZ is a token-level attention
heads of the object entity, A< is a multiplication of AZ and A2, Hin ¥, 4,5 is a
number of attention heads, Ai(s"’) is an i-th multiplication of H multiplications, (s
is normalization of ¢ to sum 1, H in H"a®®® is last layer embedding of the

language model that is pre-trained, and ¢ is the local context pooling for the pair

of entities.

The system of claim 3, wherein hidden states of the subject entity and the object

entity are determined by:
285 = tanh(Wgh,, + W, c©9), and
Z(()S'O) = tanh(W,h,, + Wy c9),
wherein h,_is the embedding of the subject entity, zs(s"’) is hidden state of the

subject entity, h,_ is the embedding of the object entity, zgs"’) is hidden state of the

object entity, and W, W,, W4, and W, are model parameters.

The system of claim 4, wherein the computer executable code is configured to predict

relation between the subject entity and the object entity using:

logit, = Y, zI"Wizl + b,
wherein logit, is logit function of the subject entity e, and the object entity

e, in regard to the relation r, k is a positive integer, dimensions of the z§

divided by k to form a plurality of z, dimension of the z*° are divided by k to form

$) are

a plurality of z%, and W and b, are model parameters; and
wherein when the logit, is greater than a logit function of a learnable
threshold TH of the relation r, the subject entity e, and the object entity e, have the

relation r.
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The system of claim 5, wherein the dimensions of the ZS(S’O) and the dimensions of the

25 are 768, and k is 12.

The system of claim 1, wherein the language model comprises at least one of a
bidirectional encoder representations from transformer (BERT), a robustly optimized
BERT approach (roBERTa), SciBERT, a generative pre-training model (GPT), a

GPT-2, and a reparameterized transformer-XL network (XLnet).

The system of claim 7, wherein loss function for training the language model is

determined by:
logit, =YX zT Wizl + b,,

Xl eppu(TH) exp(logit,r)

L. = —lo exp(logitTy) ’ and

2 g <2r’ENTU{TH} exp(logitrr)

L = L1 + Lz,

wherein logit, is logit function of the subject entity e, and the object entity

e, in regard to the relation r, k is a positive integer, dimensions of the zs(

divided by k to form a plurality of z¢, dimension of the zgs"’) are divided by k to form

$) are

a plurality of z%, W’ and b, are model parameters, TH is a learnable threshold of the
relation, P represents positive classes of relations, and NT represents negative

classes of relations.

The system of claim 1, wherein the computer executable code is further configured
to: use the first entity, the second entity, and the predicted one of the plurality of
relations between the first entity and the second entity to construct a knowledge

graph.

The system of claim 1, wherein the computer executable code is further configured

to, when a question comprises the first entity and the second entity, and the document
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is predetermined to comprise an answer to the question: use the predicted one of the

plurality of relations to form the answer.

A method comprising:

providing, by a computing device, a document;

embedding, by a computing device, a plurality of entities in the document into
a plurality of embedding vectors; and

predicting, by a computing device, one of a plurality of relations between a
first entity in the document and a second entity in the document based on a first
embedding vector and a second embedding vector, the first embedding vector of the
plurality of embedding vectors representing the first entity, and the second embedding
vector of the plurality of embedding vectors representing the second entity,

wherein the steps of embedding and predicting are performed by a language
model stored in the computing device, each of the plurality of relations has an
adaptive threshold, and the one of the plurality of relations is determined to exist
when a logit of the relation is greater than a logit function of corresponding one of the

adaptive thresholds of the relations.

The method of claim 11, wherein the steps of embedding of each of the plurality of
entities is performed by summarizing at least one hidden representation of at least one

mention of the entity using LogSumExp (LSE).

The method of claim 11, wherein the step of predicting comprises calculating a local
context pooling for a pair of entities selected from the plurality of entities using:

AG) = AF - AF,

¢ = 3L, 47,

a0 = g(50) /170 and

c(50) = gT g(s:0).

wherein the pair of entities comprises a subject entity and an object entity, AE

is a token-level attention heads of the subject entity, AZ is a token-level attention
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heads of the object entity, A< is a multiplication of AZ and A2, Hin 27, 4,5 is a
number of heads, 4;° is an i-th multiplication of H multiplications, a®°) is
normalization of ¢ to sum 1, H in HTa®® is last layer embedding of the

language model that is pre-trained, and ¢ is the local context pooling for the pair

of entities.

The method of claim 13, wherein hidden states of the subject entity and the object

entity are determined by:
2859 = tanh(Wgh,, + W, c9)), and
28 = tanh(W,h,, + Wc,cS),
wherein h,_is the embedding of the subject entity, z§s"’) is hidden state of the

subject entity, h,_ is the embedding of the object entity, Z(ES’O) is hidden state of the

object entity, and W, W, W4, and W, are model parameters.

The method of claim 14, wherein the step of predicting relation between the subject
entity and the object entity is performed using:

logit, =YX, zTWizl + b,,

wherein logit, is logit function of the subject entity e; and the object entity

e, in regard to the relation », k is a positive integer, dimensions of the zﬁs"’) ar

divided by k to form a plurality of z%, dimension of the ng’o) are divided by k to form

c

a plurality of z%, and WL and b, are model parameters; and
wherein when the logit, is greater than a logit function of a learnable
threshold TH of the relation r, the subject entity e; and the object entity e, have the

relation 7.
The method of claim 15, wherein the language model comprises a bidirectional

encoder representations from transformer (BERT) or SciBERT, and the loss function

for training the language model is determined by:
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logit, =YX zT Wizl + b,,

ZrlepTU{TH} exp(logit,r)

L, =— log( expllogitrs) ), and

ZT’GNTU{TH} exp(logit,r)
L = L1 + Lz,
wherein logit, is logit function of the subject entity e; and the object entity

(

e, in regard to the relation », k is a positive integer, dimensions of the zss’o) are

divided by k to form a plurality of z%, dimension of the ng’o) are divided by & to form
a plurality of z&, W' and b, are model parameters,, TH is a learnable threshold of the
relation, P represents positive classes of relations, and NT represents negative

classes of relations.

The method of claim 11, further comprising:

using the first entity, the second entity, and the predicted one of the plurality
of relations between the first entity and the second entity to construct a knowledge
graph; or

when a question comprises the first entity and the second entity, and the
document is predetermined to comprise an answer to the question: using the predicted

one of the plurality of relations to form the answer.

A non-transitory computer readable medium storing computer executable code,
wherein the computer executable code, when executed at a processor of an active
computing device, is configured to:

provide a document;

embed a plurality of entities in the document into a plurality of embedding
vectors; and

predict one of a plurality of relations between a first entity in the document
and a second entity in the document based on a first embedding vector and a second

embedding vector, the first embedding vector of the plurality of embedding vectors
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representing the first entity, and the second embedding vector of the plurality of
embedding vectors representing the second entity,

wherein the computer executable code is configured to embed and predict
using a language model stored in the non-transitory computer readable medium, each
of the plurality of relations has an adaptive threshold, and the one of the plurality of
relations is determined to exist when a logit of the relation is greater than a logit

function of corresponding one of the adaptive thresholds of the relations.

The non-transitory computer readable medium of claim 18,

wherein the computer executable code is configured to predict one of a
plurality of relations by calculating a local context pooling for a pair of entities
selected from the plurality of entities using:

AG) = AF - AF,

g = XTI, 4,7,

a50) = g(s0) /1T 4(50) and

¢80 = HTqs0) wherein the pair of entities comprises a subject entity and an
object entity, AZ is a token-level attention heads of the subject entity, A is a token-
level attention heads of the object entity, A®) is a multiplication of A and AE, H is
a number of heads, Ai(s"’) is an i-th multiplication of H multiplications, a’>®) is
normalization of g¢°) to sum 1, and ¢ is the local context pooling for the pair of
entities;

wherein hidden states of the subject entity and the object entity are determined
by:

2859 = tanh(Wgh,, + W, c9), and

25 = tanh(Woh,, + W,c®?), wherein h,_ is the embedding of the
subject entity, Z§S'°) is hidden state of the subject entity, h,_is the embedding of the

object entity, z5° is hidden state of the object entity, and W, W,, W, and W,
are model parameters; and

wherein the computer executable code is configured to predict relation
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between the subject entity and the object entity using:
logit, =YX, zITWizl + b,, wherein logit, is logit function of the subject
entity e, and the object entity e, in regard to the relation r, k is a positive integer,

dimensions of the z{*° are divided by k to form a plurality of zi, dimension of the

25 are divided by k to form a plurality of zi, Wt and b, are model parameters, and
when the logit, is greater than a logit function of a learnable threshold TH of the

relation r, the subject entity e, and the object entity e, have the relation r.

The non-transitory computer readable medium of claim 18, wherein the language
model comprises a bidirectional encoder representations from transformer (BERT),
and the loss function for training the language model is determined by:

logit, = X1 28" W}z + by,

Xl eppu(TH) exp(logit,r)

logit
L, = —log exp(logitry) , , and
Zr’ENTU{TH} exp(logit,r)

L=1Ly+L,,

wherein logit, is logit function of the subject entity e; and the object entity

e, in regard to the relation 7, k is a positive integer, dimensions of the zﬁs"’) are

divided by k to form a plurality of z%, dimension of the ng’o) are divided by k to form

a plurality of z5, WL and b, are model parameters, TH is a learnable threshold of the
relation, P represents positive classes of relations, and NT represents negative

classes of relations.
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