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A literature search is a well thought out,
organized search and evaluation of literature
available on a topic.
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A well-structured literature search is the most

effective and efficient way to locate sound
evidence on the subject you are researching.
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* Unsupervised pre-trained Language Representation (LR) models like BERT (Devlin et al 2018) have achieved promising results in multiple NLP tasks.

* Publicly-provided madels, like BERT, GPT (Radford et al 2018), and XLNet (Yang et al 2019), who were pre-trained over open-domain carpora, act just like an
ordinary people.

Even though they can refresh the state-of-the-art of GLUE {(Wang et al 2018) benchmark by learning from open-d¢
specific tasks, due to little knowledge connection between specific and open domain.

a\Miner BiEieX =

* Pre-training is time-consuming and computationally expensive, making it unacceptable to most users ISEJAI >
SORE W’ I/

* Unsupervised pre-trained Language Representation (LR) models like BERT (Devlin et al 2018) have achieved promising results in multiple NLP tasks

This paper proposes a knowledge-enabled Language Representation model, namely knowledge-enabled language representation model, which is compatible
with BERT and can incorporate demain knowledge without Heterogeneous Embedding Space and knowledge noise issues;

O N F —HHTRELILX s
134
(=

‘We propose knowledge-enabled language representation model to enable language representation wi
commonsense or domain knowledge

knowledge graphs, achieving the capability of

Soft-position and visible matrix are adapted to control the scope of knowledge, preventing it from deviating from its original meaning

Empirical results demaonstrate that knowledge graphs is especially helpful for knowledge-driven specific-domain t

require domain experts 'ﬁ
knowledge-enabled language representation model is compatible with the model parameters of BERT, which mea ﬁﬁ% m ﬁ

W Powered by Calliope

.
pre-trained BERT parameters (e.g, Google BERT, Baidu-ERNIE, etc.) on knowledge-enabled language representatic S
B
* The authors detail the implementation of K-BERT and its overall framework is presented in Figure 1. m ICLR202136321%5 | DDPNOpt: Bt IEei 47555
* The authors denote a sentence s = (w0, w1, w2, ..., wn} as a sequence of tokens, where n is the length of this sentence. B
* Each token wi is included in the vocabulary V, wi € V. 1 5
* KG, denoted as K, is a collection of triples € =, where wi and wk are the name of entities, and 1j € V is the relation », -lh
* All the triples are in KG, ie, e € K H;ﬁw%
50 | e
]~ apply weight update (s ¢ + 5u;)
* The authors propose K-BERT to enable language representation with knowledge graphs, achieving the capability of commonsense or domain knowledge. PASYYZN)Y
= Soft-position and visible matrix are adapted to control the scope of knowledge, preventing it from deviating from its original meaning. ICLR2021 | JEEAIANSZRNE RO el &
* Despite the challenges of HES and KN, the investigation reveals promising results on twelve open-/specific- domain NLP tasks. € o~ H ;E

Empirical results demaonstrate that KG is especially helpful for knowledge-driven specific-domain tasks and can be
experts.

~a | A
K-BERT is compatible with the model parameters of BERT, which means that users can directly adopt the available Q)| gé# e
wigl

BERT, Baidu-ERNIE, etc.) on K-BERT without pre-training by themselves

]
5
ICLR 2021 | JEERRAROHEAE THEIEIC L 1

TERE TR 3, ém

erflf l«¥_

ICLR2021 | FHBL A E RO ﬁgii‘-‘-l

i

=t

[y

« Introduction: Unsupervised pre-trained Language Representation (LR) madels like BERT (Devlin et al 2018) have achieved promising results in multiple NLP
tasks.

Publicly-provided medels, like BERT, GPT (Radford et al 2018), and XLNet (Yang et al 2019), who were pre-trained over open-domain corpora, act just like an
ordinary people.

ICLR 2021 | RS, BIESATHINES(E: Shapley Explanation Networks

specific tasks, due to little knowledge connection between specific and open domain.

Even though they can refresh the state-of-the-art of GLUE (Wang et al 2018) benchmark by learning from open-d¢ E : et
Ov=H

Pre-training is time-consuming and computationally expensive, making it unacceptable to most users
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efforts, which may not be practically or econom-
ically feasible.

Collaborators can have a large effect on scien-
tific careers. According to recent studies (57, 58),
scientists who lose their star collaborators ex-
perience a substantial drop in their productivity,
especially if the lost collaborator was a regular
coauthor. Publications involving extremely strong
collaborators gain 17% more citations on average,
pointing to the value of career partnership (59).

Given the increasing number of authors on
the average research paper, who should and does
gain the most credit? The canonical theory of
credit (mis)allocation in science is the Matthew
effect (60), in which scientists of higher statuses
involved in joint work receive outsized credit for

- S —
matics collecting 100 citations represents a higher
disciplinary impact than a paper in microbiol-
ogy with 300 citations.

The tail of the tion distribution, capturing
the number of high-impact papers, sheds light
on the that drive the ion
of citations. Recent analyses show that it follows
a power law (71-73). Power-law tails can be gen-
erated through a cumulative advantage process
(74), known as preferential attachment in net-
work science (75), suggesting that the probability
of citing a paper grows with the number of cita-
tions that it has already collected. Such a mod-
el can be augmented with other characteristic

MmO

© Quick Help

S S
dual papers. One predictive model (77) as-
sumes that the citation probability of a paper
depends on the number of previous citations,
an obsolescence factor, and a fitness parameter
(Fig. 5, B and C). For a given paper, one can es-
timate the three model parameters by fitting the
model to the initial portion of the citation history
of the paper. The long-term impact of the work
can be extrapolated (77). Other studies have iden-
tified predictors of the citation impact of indi-
vidual papers (82), such as journal impact factor
(72). It has been suggested that the future A-index
(83) of a scientist can be accurately predicted (84),
although the predictive power is reduced when

their contributions. Properly
credit for a collaborative work is difficult because
‘we cannot easily distinguish individual contribu-
tions (61). It is possible, however, to inspect the co-
citation patterns of the coauthors’ publications to
determine the fraction of credit that the commu-

Box L. Lessons from SciSel.

1. Innovation and tradition: Left bare, truly innovative and highly interdisciplinary ideas may
not reach maximum scientific impact. To enhance their impact, novel ideas should be placed in

the context of established knowledge (26)
2. Per

nity assigns to each coauthor in a publication (62).

Citation dynamics

Scholarly citation remains the dominant mea-
surable unit of credit in science. Given the re-
liance of most impact metrics on citations (&3-66),
the dynamics of citation aceumulation have been
scrutinized by generations of scholars. From foun-
dational work by Price (67), we know that the
distribution of citations for scientific papers is
highly skewed: Many papers are never cited, but

Fortunato ef o, Science 359, eaa00185 (2018)

RESEARCH | REVIEW

stays productive (43).

A scientist is never too old to make a major discovery, as long as he or she

3. Collaboration: Research is shifting to teams, so engaging in collaboration is beneficial
Works by small teams tend to be more disruptive, whereas those by big teams tend to have

more impact (4, 50, 53).

4. Credit: Most credit will go to the coauthors with the most consistent track record in the

domain of the publication (62).

5. Funding: Although review panels acknowledge innovation, they ultimately tend to
discount it. Funding agencies should ask reviewers to assess innovation. not only expected

success (24).

2 March 2018

Corrected 9 July 2018. See full text.
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related research domains such as the economics
(30) and sociology of science (60, 86). Causal
estimation is a prime example, in which econ-
ometric matching techniques demand and lever-
age comprehensive data sources in the effort to
simulate counterfactual seenarios (31, 420, Assess-
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Fig. 7: Nustrations of logical rule learning.

5) Meta Relational Learning: The long-tail phenomena exist
in the relations of knowledge graphs. Meanwhile, the real-world
scenario of knowledge is dynamic, where unseen triples are
usually acquired. The new scenario, called as mera relational
learning or few-shot relational learning, requires models o
predict new relational facts with only a very few samples.

Targeting at the previous two observations, GMatching [T04]
develops a metric based few-shot leamning method with entity
embeddings and local graph structures. It encodes one-hop
neighbors to capture the structural information with R-GCN
and then takes the structural enmtity embedding for multi-
step matching guided by long short-term memary (LSTM)
networks to calculate the similarity scores. Meta-KGR [[105],
an optimization-based meta-learning approach, adopts model ag-
nostic meta-learming for fast adaption and reinforcement learn-
ing for entity searching and path reasoning. Inspired by model-
based and optimization-based meta-learning, MetaR [T06]
transfers relation-specific meta information from support set to
query set, and archives fast adaption via loss gradient of high-
order relational representation. Zhang et al. [T07] proposed joi
modules of heterogeneous graph encoder, recurrent autoencoder,
and matching network to complete new relational facts with
few-shot references. Qin et al. [108] utilized GAN to generate
reasonable embeddings for unseen relations under the zero-
shot leaming setting. Baek et al proposed a transductive
meta-learning framewaork, called Graph Extrapolation Networks

LUPIUYES WIS POLIULIAIG 101 SHULTS WAL R LY P LH,
However, it relies on the type chains of entities and suffers
from the scalability problem.

B. Emiry Discovery

This section distinguishes entity-based knowledge acquisition
into several fractionized tasks, i.e., entity recognition, entity
disambiguation, entity typing, and entity alignment. We term
them as enrity discovery as they all explore entity-related
knowledge under different settings.

1) Entity Recognition: Enlity recognition or named entity
recognition (NER), when it focuses on specifically named
entities, is a task that tags entities in text. Hand-crafted features
such as capitalization patterns and language-specific resources
like gazetteers are applied in many pieces of literature. Recent
work appk q neural , for
example, [LSTM-CNN for learning character-level and
wordflcv:.l—mmmnt encoding partial lexicon matches.
Lample et al. [TTT] proposed stacked neural
by stacking LSTM layers and CRF laye
{in Fig. and Stack-LSTM. MGNE]
integrated framework with entity position detection in various
granularities and attention-based entity classification for both
nested and non-overlapping named entities. Hu et al. [I13]
distinguished multi-token and single-token entities with multi-
task training. Recently, Li et al. [TT4] formulated flat and nested
NER as a unified machine reading comprehension framework
by referring annotation guidelines to construct query questions.

JOURNAL OF BIEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Pretrained langu: knowledge graphs such as
ERNIE have been applied into NER
and achieved improved performance

2) Eniity Typing: Entity typing includes coarse and fine-
grained types, while the latter uses a tree-structured type
caegory and is typically regarded as multi-class and multi-
label classification. To reduce label noise. PFLE
on correct type identification and proposes a partial-label
embedding model with a heterogeneous graph for the rep-
resentation of entity mentions, text features, and entity types
and their relationships. To tackle the increasing growth of
typesel and noisy labels, Ma et al proposed prototype-
driven label embedding with hierarchical information for zero-
shot fine-grained named entity typing. Recent studies utilize
embedding-based approaches. For example, JOIE [TT9] leams
joint embeddings of instance- and ontology-view graphs and
formulates entity typing as top-k ranking to predict associated
concepts. ConnectE [120] explores local typing and global
triple knowledge to enhance joint embedding learning,

3} Emtiry Disambiguation: Fntity disambiguation or entity
linking is a unified task which links entity mentions to the
corresponding entities in a knowledge graph. For example,
Einstein won the Noble Prize in Physics in 1921. The entity
mention of “Einstein” should be linked to the entity of
Albert tein. The contemporary end-to-end learning
approaches have made efforts through representation learning of
entities and mentions for examnle. NSRM (T2 for modeling

in an incremental training manner, together with an editing
technique for checking newly-labeled alignment

Additional information of entities is also incorporated for
refinement, for example, JAPE [[28] capturing the correlation
between cross-lingual attributes, KIDCoE I@I embedding
multi-lingual entity descriptions via co-training, MultiKE [T30]
leaming multiple views of the entity name, relation, and
attributes, and alignment with character attribute embed-

in recent years. We recommend Sun et al’s guantitative
survey [132] for detailed reading.

(b} Entity alignment with IP-
TransE [126].

(a) Entity recogmition with
LSTM-CRF ﬂ'llrﬂ

Fig. 8: Mlustrations of several entity discovery tasks,
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