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Abstract

In this paper, we focus on a new type of named
entity recognition (NER) task called topic sen-
tence NER. A topic sentence means a short and
compact sentence that acts as a summary of a
long document. For example, a title can be seen
as a topic sentence of its article. Topic sentence
NER aims to extract named entities in a topic
sentence given the corresponding unlabeled
document as a reference. This task represents
real-world scenarios where full-document NER
is too expensive and obtaining the entities only
in topic sentences is sufficient for downstream
tasks. To achieve this, we construct a large-
scale human-annotated Topic Sentence NER
dataset (TSNER). The dataset contains 12,000
annotated sentences accompanied by their unla-
beled document. Based on TSNER, we propose
a family of representative and strong baseline
models, which can utilize both single-sentence
and document-level features. We will make
the dataset public in the hope of advancing the
research on the topic sentence NER task.

1 Introduction

Named entity recognition is a fundamental Natu-
ral Language Processing task, which aims to label
each word in sentences with predefined types, such
as Person (PER), Organization (ORG), Location
(LOC), etc. The results of NER play a crucial role
in many downstream NLP tasks, e.g., relation ex-
traction (Bunescu and Mooney, 2005), information
retrieval (Chen et al., 2015), and question answer-
ing (Yao and Van Durme, 2014).

In this paper, we propose a new type of NER
task named Topic Sentence NER, which attempts
to recognize entities in topic sentences. A topic
sentence is a key sentence for a document or a para-
graph, which usually conveys the gist of them in
a concise way. An example is shown in Figure 1.
The task is defined to extract named entities like
‘& E X E(Impasse)’ in the topic sentence. The
significance of the topic sentence NER lies in two

aspects. First, in many practical scenarios, it is not
necessary to obtain all entities in a full-text doc-
ument. Due to the time and cost of labeling and
processing documents, topic sentence NER can be
an effective alternative. Second, topic sentence
NER is more challenging by nature and it requires
new ways to incorporate the heterogeneous inputs.
On the one hand, topic sentences are more infor-
mative but short in length, making the in-sentence
context limited for NER. On the other hand, there
are unlabeled documents that potentially enrich the
context of the topic sentence, but it is unclear how
to effectively utilize the information for NER.

Given the realistic necessity and challenges of
topic sentence NER, in this paper, we focus on
addressing this new kind of NER task. First, we
construct a new dataset named TSNER. Specifi-
cally, we collect 12,000 online articles in Chinese,
which are about 9 topics and contain entities of 16
types. For each article, we consider the title as the
topic sentence and label the entities in the title.

Based on the proposed dataset, we establish a
family of strong baseline models as benchmarks
for topic sentence NER. We consider two cate-
gories of models: single-sentence NER models
and document-enhanced NER models. The former
only use the topic sentence as the input and con-
sist of commonly used models that have achieved
SOTA performance on many single-sentence NER
datasets. The latter take both the topic sentence
and its corresponding document into consider-
ation. Two challenges have to be tackled for
the document-enhanced NER model: 1) captur-
ing long-term dependency in a computational ef-
ficiency way, and 2) distinguishing information
helpful for NER from a large unrelated, noisy text.
Based on the analysis, we adapt four lines of work
for document-enhanced NER: distant supervision,
document-level pre-trained language modeling, di-
rect information fusion, and document gist fusion.

To the best of our knowledge, this paper is the
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Figure 1: A case of topic sentence NER. The topic sentence is brief and it alone provides limited context. With the
help of document information, ‘& £ X L (Impasse)’ can be recognized as an entity of Movie type.

first to propose and address the topic sentence NER
task. Our key contributions are as follows:

* We introduce topic sentence NER, a new NER
task focusing on recognizing entities in topic
sentences. This task is driven by real-world
needs and is of particular research value.

* To better understand the topic sentence NER
task, we propose the TSNER dataset, in which
each annotated topic sentence is paired with
an unlabeled document.

* Based on TSNER, we establish a family of
benchmark models and conduct extensive ex-
periments, revealing effective ways to lever-
age document information for this task.

2 Related work
2.1 Single-Sentence NER

Previous works mainly consider the NER task as
a sentence-level task. Traditional methods try to
manually construct features from single sentences
and use the CRF model to learn dependency rela-
tions (Lafferty et al., 2001). With the advantages
of eliminating feature engineering and significantly
improving performance, neural network models
become prevalent in NER research recently, e.g.
FEN (Collobert et al., 2011), LSTM (Lample et al.,
2016), CNN (Ma and Hovy, 2016), and pre-trained
language models (Devlin et al., 2019). Single-
sentence NER models work better when the entity
has abundant context information, which is not the
case for the topic sentence NER task.

2.2 Document-Level NER

Document-level NER extends single-sentence NER
to recognize all entities in the whole document.
Gui et al. (2020) introduce a two-stage label re-
finement approach to improve document-level la-
bel consistency. Luo et al. (2018) explore a new

global attention layer on the top of BiLSTM layer
to capture each word’s related words in the whole
document. Luoma and Pyysalo (2020) directly use
BERT to obtain word representations in a cross-
sentence context. Akbik et al. (2019); Luo et al.
(2020) attempt to use a memory network to better
address the long-term dependency problem in the
document.

Aimed to recognize all entities in the document,
previous document-level NER methods rely on full-
document entity labels and treat each sentence in
the document as equal importance. In contrast,
our goal is to recognize entities in topic sentences.
While some of the document-level methods can
be adapted for our task, our task is still challeng-
ing due to the information gap between concisely-
written topic sentences and regular sentences in
documents. Recently, Wang et al. (2021) utilize a
search engine to retrieve online documents as ad-
ditional context for NER. Their work focuses on
the scenario where relevant documents are absent,
and it is difficult and time-consuming to request
and process the noisy content of search engine. In
contrast, the topic sentence NER task proposed by
us is more realistic and practical.

2.3 Other Document-Level NLP models

Our work is also related to other document-level
NLP tasks, such as document-level classification,
question answering, and coreference resolution.
Existing approaches to modeling document infor-
mation can be summarized into three categories.
The first is to chunk a document into smaller pieces
of text, independently process them by single-
sentence models, and then combine the results
through a fusion method (Joshi et al., 2019). The
second is to shorten the document by selecting
only the informative parts as the input of the model
(Clark and Gardner, 2018; Chen et al., 2017). The



third is to develop new model architectures to effi-
ciently accommodate the whole document (Beltagy
et al., 2020; Gupta and Berant, 2020; Zaheer et al.,
2020). Some of our benchmark models are derived
from these three types of models.

3 Topic Sentence NER

In real-world situations, NER results are often used
in downstream tasks like relation extraction, in-
formation retrieval, and question answering. In
these applications, the requirement to recognize
all entities in a full-text document is not always
necessarily essential, and recognizing entities only
in topic sentences is enough, especially when huge
amounts of text have to be processed with a limit
of time and cost. For example, the entities in the
abstract of a scientific paper are sufficient for an
up-to-date scholar search engine; the entities in a
news title are enough for hot event detection and
trend analysis. However, such a need for entity
recognition on topic sentences has not been put
forward and explored in previous NER research.

Compared with regular sentences or documents
involved in previous NER tasks, topic sentences
exhibit unique linguistic characteristics that makes
NER more challenging. Specifically, topic sen-
tences are often short in length but more informa-
tive in that it contains a higher density of entity
words. Take the topic sentence shown in Figure 1
as an example. The number of words belonging to
entities exceeds 40% of the total number of words.
Consequently, the word ‘& & Xk (Impasse)’ has
a limited context and is difficult to be distinguished
as a book, a song, a movie, or a non-entity word.
Furthermore, while documents can be incorporated
to enrich the context of topic sentences, there are
no ground truth NER labels for the sentences in the
document, making previous document-level NER
models inapplicable. All of the above call for a new
research direction of context limited and document-
enhanced NER methods.

Given the realistic necessity and challenges of
topic sentence NER, in the remainder of this pa-
per, we will show our initial attempt to address
this problem. We will first give the definition of
topic sentence NER. Then we will present our con-
structed dataset along with data analysis. Finally,
we will propose a series of benchmark models and
compare their experiment results. To the best of
our knowledge, this paper is the first to propose
and address the topic sentence NER task.

3.1 Task Definition

We formally define topic sentence NER as a se-
quence labeling task on a topic sentence accom-
panied by an unlabeled document. The input of
topic sentence NER consists of two parts: a topic
sentence x = {x1,x2,...,2¢} and an unlabeled
document D = {s1, $2, ..., Sn}. The goal of the
task is to assign each token x; € x with a label
yi € Y. Y isaset of pre-defined entity tags in BIO
or other format.

3.2 Dataset Construction

The data source we used as an initial corpus is a col-
lection of online articles in Chinese from WeChat
Official Account, which contains a large variety of
entities from different areas. All the articles are
of year 2015 to 2020. We selected 12,000 articles
on nine topics, including tourism, sports, politics,
food, culture, economy, movies, entertainment, and
games. We designed a NER scheme consisting of
16 commonly used entity types. The names and
distribution of the entity types are shown in Table 1.
We randomly split the articles into 8400 as training
data, 1800 as development data, and 1800 as test
data. Details of the topics and entity types of the
dataset are shown in Appendix E!.

We employed two paid annotators to annotate
the dataset. We sent the titles along with the ar-
ticles to the annotators and instructed them to an-
notate the entities in the titles with reference to
the documents. The first 1200 cases are annotated
by both annotators; the remainder are split evenly
and annotated by each annotator respectively. Both
annotators are instructed with detailed and formal
guidelines and have adequate linguistic knowledge
of each entity type. The Cohen’s Kappa of the two
annotators on the first 1200 part is 0.83, indicating
a high degree of inter-rater agreement. To further
ensure the annotation quality, the whole dataset is
split into 6 small batches. For each small batch, the
first author randomly examined 10% of the data. If
the sentence-level accuracy is lower than 90%, the
small batch will be returned to the corresponding
annotator to be re-annotated with more detailed
annotation guidelines. The process was repeated
until all the batches reached above 90% accuracy.
As expected, we find in many cases the title alone
can not be understood by humans at a first glance.
After scanning the document, however, one can
confidently label the entities in the title.

"'We will also publish the dataset later upon acceptance.



3.3 Dataset Analysis

We report some interesting statistics of our dataset
compared with several widely-used NER datasets
including MSRA (Levow, 2006), OntoNotes
(Weischedel et al., 2013), WeiboNER (Peng and
Dredze, 2015; He and Sun, 2017)2. We calculated
the average length and entity word rate for each
dataset. As shown in Table 2, two unique charac-
teristics of topic sentences can be revealed.

1) Shorter length: The average length of topic
sentences is 22 words, only less than half of the
length in MSRA dataset. This indicates that pro-
cessing topic sentences can be computationally effi-
cient but consequently challenging in accuracy due
to limited context information.

2) More informative: In TSNER, the average
rate of entity tokens in a sentence is 30%, far
higher than any other dataset. It means that topic
sentences are more informative and there is even
less inner-sentence context can be used for NER.

The concise writing style of topic sentences
makes understanding topic sentences linguistically
challenging by nature. Hence it is important to
incorporate document information to facilitate the
topic sentence NER.

When taking a closer look at the documents in
TSNER, as shown in Table 3, we can further find
two unique characteristics of our task.

1) Long document length: Compared with pre-
vious widely used datasets, TSNER provides ad-
ditional unlabeled documents. The average doc-
ument length is 1386. The long documents may
potentially provide extra context for their paired
topic sentences, but an effective method is needed
to utilize the heterogeneous data.

2) High entity coverage: Among all the entities
in topic sentences, about 80% also appear in the
corresponding document. Such relevance further
confirms that documents can provide useful infor-
mation for topic sentence NER. However, given
the inherent differences in length and writing style
between topic sentences and documents, a large
part in documents may be irrelevant and even noisy
for NER. Hence it is necessary to identify proper
information for topic sentence NER.

For comparison, we only analyze the Chinese version of
multi-lingual datasets. In the future, we will extend our work
to other languages.

Type Num/Rate  Type Num/Rate
address 1889 (15%) person 630 (5%)
entertainer 1648 (13%) book 622 (5%)
food 1100 9%)  tvplay 610 (5%)
event 1087 (8%)  show 537 (4%)
sports-star 994 (8%) scene 428 (3%)
orgnization 853 (7%) song 380 (3%)
company 722 (6%) character 270 (2%)
movie 699 (5%) game 259 2%)

Table 1: The distribution of different entity types in
TSNER train part.

TSAvglLen EntRate Doc
MSRA 47 12.3 No
OntoNotes 31 9.1 No
Weibo NER 55 4.5 No
TSNER 22 30.0 Yes

Table 2: A comparison between TSNER and other ex-
isting widely-used NER datasets. TSAvgLen means
Topics Sentence Average length, and EntRate means the
rate of entity token accounts for the whole token.

4 Benchmarks

Based on the TSNER dataset, we develop a family
of representative and strong baselines. The base-
lines are built on top of previous methods with and
without considering the additional documents. We
first present single-sentence NER models in Sec-
tion 4.1. Then we introduce document-enhanced
NER models in Section 4.2. More implementa-
tion details can be found in Section A. Note that
our goal in this paper is not to exhaust all possible
methods, and we hope more approaches will be
proposed in the future.

Train Dev  Test
#sen 8400 1800 1800
#char 185.4k 389k 39.5k
#entity 128k 2.6k 2.6k
doc avg len 1386 1344 1377
% entity coverage  79.3 79.1  80.2

Table 3: The statistics of TSNER. The % entity coverage
means among all labeled entities in topic sentences the
percentage of the entities that are also mentioned in the
paired document.
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Document: Communication University of China information, obtain the latest news of Communication University of China.

tastes Recently, the popular film "Impasse" held a film viewing activity at the Communication University of China. Director Zhang
Yimou and actor Feifan specially attended the activity ...

Figure 2: Architecture of our document gist fusion framework. The extracted gist information includes key sentences
and key words. The key sentences are encoded together with the topic sentence to provide additional context. The
embeddings of the keywords are fused into the hidden states of the topic sentence using an attention mechanism.

4.1 Single-Sentence NER models

BiLSTM-CRF. BiLSTM-CRF (Lample et al.,
2016) is a strong baseline that has been widely
used in previous works.

SoftLexicon. In Chinese NER, previous works
have shown explicitly providing word segmentation
and word tagging information to be helpful for
performance (Zhang and Yang, 2018; Yang et al.,
2019; Li et al., 2020; Ma et al., 2020; Liu et al.,
2021). Among the proposed models, we choose
the SoftLexicon (Ma et al., 2020) as our baseline
due to its fast speed and competitive performance.

BERT-CRF. The BERT-CRF (Devlin et al.,
2019) baseline is chosen as a representative of the

NER models based on pre-trained language models
(PLMs).

WWM-CREFE. PLMs exhibit the same lexical
problem with other models when processing Chi-
nese text. In order to take lexical information into
account, PLMs with enhanced input layers and
training techniques have been proposed (Cui et al.,
2019, 2020; Diao et al., 2020; Sun et al., 2021). We
choose the WWM model (Cui et al., 2019) for its
popularity and proved generalization ability.

4.2 Document-Enhanced NER Models

‘We consider four lines of methods for document-
enhanced NER with different complexity and depth

of utilizing document information: distant super-
vision, document-level PLM, direct information
fusion, and document gist fusion.

Distant supervision. A natural way to leverage
the unlabeled document data is to regard it as an
in-domain corpus for distantly supervised learn-
ing. To do so, we first build an entity dictio-
nary by extracting all the annotated entities in the
train set of TSNER. Then, we use the entity dic-
tionary to match sentences in the documents to
obtain distantly supervised data. Finally, the dis-
tantly supervised data and human annotated data
are mixed together as the training data for BERT-
CRF or WWM-CREF. We denote the two models as
BERT-CRF-DS and WWM-CREF-DS. More dedi-
cated methods to reduce the noise in distant super-
vision can be explored in the future, such as using
different weights between distantly supervised data
and human annotated data.

Document-level PLM. Document-level PLMs
are supposed to accommodate full document as
input and automatically learn to properly utilize
its information for downstream tasks. In recent
work, several models have been proposed to reduce
memory and speed up the training of transformer
models (Beltagy et al., 2020; Gupta and Berant,
2020; Zaheer et al., 2020). We explore NER model
for topic sentence based on Longformer (Beltagy



et al., 2020), whose attention mechanism is a drop-
in replacement of the standard self-attention, which
combines a local windowed attention with a task
motivated global attention. The topic sentence is
concatenated with the document as the input of
Longformer and the global attention is applied on
the topic sentence. Finally, we use the output of
the Longformer as the input of CRF.

Direct information fusion. The assumption of
the direct information fusion model is that the rep-
resentation of each word in topic sentences will
benefit from additional contexts of the same word
occurred in the document. The model architec-
ture is derived from Luo et al. (2018); Akbik et al.
(2018); Luo et al. (2020). To obtain the document
enhanced representation for a topic sentence, the
tokens in the sentence and the document are first en-
coded respectively by a shared BERT encoder. For
each token in the topic sentence, additional context
information will be obtained by pooling the same
tokens occurred in the document. The original rep-
resentation in topic sentence will be concatenated
with the additional context representation before
feeding into CRF.

Document gist fusion. The motivation of this
kind of method is that not all words in the document
are helpful for the topic sentence NER task, and
incorporating too much unrelated information will
bring noise in training. Based on the observation,
we propose a document gist fusion framework for
topic sentence NER. The idea is to first efficiently
mine the gist information from the long document
via heuristic methods, and then fuse only the gist
information into the NER process. We will first
describe the framework design. The methods to
extract gist information will be discussed in the
next subsection.

The model architecture is shown in Figure 2. We
consider two forms of gist information, i.e., key
sentences and keywords. The model architecture
is inspired by Wang et al. (2021), we additionally
add a keyword part to it. Compared with full doc-
uments, extracted key sentences are short enough
and can be easily fed into a transformer model.
Hence, we append the key sentences to the topic
sentence as additional inputs to a PLM encoder
(WWM in our implementation):

where z is the topic sentence with length m, S'is

the set of selected key sentences from the document.
H?® = {h{,h3, ...,k } is the hidden states of the
topic sentence, which corresponds to the first m
tokens of the inputs and is augmented with the extra
context of the key sentences.

As only a few key sentences can be extracted
from the document, they may be not sufficient to
cover all necessary information for recognizing the
entities in the topic sentence. We also consider
directly including keywords as a global context
that captures the document’s topic. The keywords
are encoded separately by a word embedding layer.

H" = WordEmb(w) 2)

where w is the set of n selected keywords and
H" = {h{,hY, ..., h¥} is the embedding for each
keyword.

We use an attention network to better modeling
the relation between the sentence-level informa-
tion H® and the keywords information H®. The
attention mechanism is similar to the attention in
Vaswani et al. (2017). We transform h; € H*® into
the attention query g¢;, and keywords embedding
into both the key £; and the value v;, where g;, k;,
and v; are in the same dimension. The calculations
of the attention layer are as follows:

q = W?°h; 3)
k= WURY @)
vy = WYhY )
uij = qik; (6)
exp(uij)
O = =~ (N
! Zz:l exp(uiz)
ri = Z Qv (8)
j=1

Concatenating ¢; and r; we obtain a fused repre-
sentation of the topic sentences and the gist of the
document:

fi = lais i )

Then f; will be fed into a CRF layer to output
entity labels. Next, we will elaborate on how we
designed efficient heuristics to select key sentences
and keywords from the document.

4.3 Key Sentence and Keyword Selection

We explore several methods to select the key sen-
tences and key words for our gist fusion model.
The key sentence selection is to select a maximum



Model Resource DEV Test
P R F P R F

BiLSTM-CRF TS 61.10 59.16 60.12 60.08 59.97 60.03
SoftLexicon TS 69.59 59.62 6422 70.64 61.27 65.62
BERT-CRF TS 78.06 76.69 7737 7749 77.62 77.56
WWM-CRF TS 78.11 76.77 7743 77.98 78.01 77.99
BERT-CRF-DS TS +doc 7842 7736 77.88 78.66 78.54 78.60
WWM-CRF-DS TS +doc 7851 7747 7799 78.71 78.60 78.66
Longformer TS +doc 7850 7742 7796 7836 78.64 78.50
DirectFusion TS +doc 7998 7848 79.22 78.86 79.01 78.93
Gist-SBERT TS +doc  80.35 78.66 79.49 80.55 79.70 80.12
Gist-BERTScore TS +doc 80.23 79.14 79.68 80.48 79.98 80.23
Gist-First TS +doc 81.33 79.01 80.15 81.23 79.88 80.55
Gist-WMD TS +doc 81.38 79.21 80.28 82.38 80.14 81.24
Gist-Noun TS +doc 81.50 7998 80.73 8231 8148 81.89
Gist-Noun-Yake TS +doc 80.46 79.81 80.13 81.79 80.72 81.25
Gist-Noun-TextRank TS +doc 81.47 80.38 80.92 8247 81.69 82.08

Table 4: The performances of different approaches on TSNER dataset. The table is divided into five blocks from top
to bottom, representing the results of five families of methods: single-sentence NER models, distant supervision,
document-level PLM, direct information fusion model, and document gist fusion models.

number of N sentences from the document. In
order to provide adequate context with a reason-
able cost of longer input length, we empirically set
N = 5in our study.

First in order. In this strategy, we simply take
the the first NV sentences from the beginning of the
document as usually they are of more importance
than the following sentences.

Similarity-based. The idea of this strategy is to
select sentences that are semantically similar to the
topic sentence based on a similarity metric. Three
similarity metrics for sentences are considered. The
first is Word Mover’s Distance (WMD) (Kusner
et al., 2015) based on word embedding. The sec-
ond is pretrained SBERT (Reimers and Gurevych,
2019), which derives semantic aware sentence em-
bedding from a Siamese BERT network and uses
cosine similarity to measure similarity between
them. The third is BERTScore(Zhang et al., 2019),
which considers each token in two sentences to
compute the similarity.

Noun overlapping. We propose a simple
method to select the key sentence based on the
co-occurrence of noun words in a topic sentence
and its document. Sharing common nouns means
that two sentences have a closer relationship,
and that they together form a richer context for

the common nouns. Specifically, we scan the
sentences of the document in the natural order and
pick out sentences that share at least one common
noun with the topic sentence. In order to increase
the diversity, we limit the number of sentences
that each noun can associate with to two. When
the limit is exceeded, only the two sentences that
are more close to the beginning in the document
will be kept. When there is no noun overlapping,
we select the sentences from the beginning of the
document (i.e., fall back into first-in-order).

For keyword extraction, we explore the follow-
ing two common statistical-based methods.

TextRank (Mihalcea and Tarau, 2004) is a graph-
based word ranking model inspired by PageRank.
It is widely used for selecting informative words
from a document.

Yake (Campos et al., 2020) is a more recent
and lightweight approach for keyword extraction,
which uses statistical features to measure the
importance of each word in a document.

By combining the above key sentence and key-
word selection methods with the model architecture
in Figure 2, we expand our benchmarks with multi-
ple variations of document gist fusion model.



5 Results and Analysis

In this section, we report the results of various ex-
periments carried out on the TSNER dataset. Fol-
lowing the evaluation metrics in previous NER re-
search, we report results in terms of entity-level
(exact entity match) standard micro Precision (P),
Recall (R), and F1 score. We will also present our
analysis of the results.

5.1 Results

Table 4 shows the results of all benchmark models
on TSNER. We summarize the findings into the
following conclusions.

1) Incorporating document information can sig-
nificantly improve the performance of topic sen-
tence NER. For example, compared with the
WWM-CRF model, four types of document-
enhanced models (WWW-CRF-DS, Longformer,
DirectFusion and Gist-Noun-TextRank) can im-
prove the F1 score by 0.67%, 0.51%, 0.94%, 4.09%
respectively on the test set.

2) For document-enhanced models, different de-
sign can incorporate different level of document in-
formation and lead to different performance. Docu-
ment gist fusion models perform better than distant
supervision (DS), Longformer and DirectFusion
model. Even the worst performing document gist
fusion model (Gist-SBERT) outperforms WWM-
CRF-DS, demonstrating the advantage of under-
standing the gist of document. The DirectFusion
model achieves a modest performance. Surpris-
ingly, Longformer exhibits the lowest performance.
We suppose that Longformer may not be suitable
for the NER task. Besides, as the data used in pre-
training Longformer are different from BERT or
WWM, it may not be fair to compare Longformer
with the other BERT- or WWM-based models.

3) The performance of different document gist
fusion models varies largely. The best model (Gist-
Noun-TextRank) surpasses the worst (Gist-SBERT)
by 1.96%. This indicates a research direction on
how to better extract useful information from the
document. There are also some other interesting
findings. First, choosing the most similar sentences
may not lead to a better result as they may not pro-
vide useful information. In the contrary, sentence
selection based on SBERT the performs worst. Sec-
ond, the ways to select keywords also have an im-
pact on NER performance. The Yake based method
shows a negative effect.

5.2 Error Analysis

Type Cboundary NOOVER
WWM-CRF 223 224 274
Gist-Noun-TextRank 181 221 243

Table 5: The statistics of different errors that occur in
the output of Gist-Noun-TextRank models on the test
set. Cboundary means that Cross-Boundary error and
NOOVER is non-overlapping error.

In order to further analyze the reasons why the
document gist fusion model outperforms single-
sentence models in topic sentence NER, we catego-
rized and studied three types of errors: entity type
error, cross-boundary error, and non-overlapping
error. The entity type error means that the predicted
entity is correct in the boundary but wrong in type.
The cross-boundary error means that the boundary
of golden entity overlaps with the model prediction.
The non-overlapping error means no word over-
lapping between the golden entity and the model
prediction. The error analysis of two representative
models is shown in Table 5. From the table, we
summarize the following two observations.

1) Non-overlapping error type takes up most of
the errors for both models. We find in many cases
that punctuation marks in the document can help to
recognize the boundary of an entity, but assigning
the entity with a correct type is more difficult for
WWM-CREF as the context is limited.

2) Leveraging document information can effec-
tively reduce non-overlapping errors and entity
type errors. However, the cross-boundary errors are
difficult to be reduced, which indicate they are hard
cases that lack of informative context in document.

6 Conclusion

In this paper, we propose a new task called topic
sentence NER. The task is driven by real-world
scenarios where extracting entities in topic sen-
tences instead of the full-text documents is suffi-
cient and economic. While the task is of value and
is more challenging than regular NER, it has not
been explored in previous research. To address this
task, we build a large-scale annotated NER dataset
named TSNER. A family of baseline models are
established based on TSNER. We hope our dataset
and benchmarks will advancing the research on
topic sentence NER. Some interesting directions
for future research are shown in Appendix D.
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A Implementation Details

BiLSTM-CREF: The character embedding is pre-
trained on Chinese Giga-Word using word2vec
(Mikolov et al., 2013). The character embedding
dimension is set to 100, the LSTM hidden states
dimension is set to 300 and the initial learning rate
is set to 0.001. The models is trained using 100
epochs with a batch size of 16.

SoftLexicon: We use the same code > from the
paper (Ma et al., 2020). The LSTM-based sequence
modeling layer is used.

Pretrained Language Model: The pre-trained
language model (BERT, WWM) is from hugging-
face *. The initial learning rate of PLM is set to
1 x 107 . For the CRF layer parameters, we
use a learning rate of 1 x 1073, The optimizer
is AdamW (Loshchilov and Hutter, 2019). We fine-
tune models using 20 epochs with a batch size of
16.

Longformer We use global attention to the topic
sentence and a CRF layer is on the top of the topic
sentence. The maximum length is set to 1024. The
batch size is set to 4. Other parameters are the same
as the Pretrained Language Model.

Gist-Noun-TextRank: The word embedding is
pre-trained on Chinese Giga-Word using word2vec
(Mikolov et al., 2013). The word embedding di-
mension is set to 50. The embedding of ¢, k, v is
150.

Computing Infrastructure: All experiments
are conducted on an NVIDIA Tesla V100 (32 GB
of memory).

B Performance Analysis by Entity Types

We further analyze the performance of our best
model on different entity types. The results are
shown in Table 7. From the table, we find that the
Gist-Noun-TextRank model achieves the best per-
formance on the sports-star type. The reason may
be that the name is easy to be recognized and there
are fewer interference items in the field of sports.
The model performs worst on the book type, be-
cause book titles can be largely varied across gen-
res, and many documents only consist of the con-
tent of the book, providing less additional context
to the title.
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Topic sentence and document

WWM-CRF Gist-Noun-TextRank

TS: 2019[# 45 Jrood 5k T
Here comes [Chu orange [rooq, 2019
Doc: .. BFAZZ % 8 =@ R B L& [#E]..

Name Food

...Oranges are [ Chu orange] from Ailao Mountain

TS: 114158,

ié]\éq’[%{t‘]Address%ﬁ @f'— $ * T !

None Address

November 15, three minutes of [Xinghua ] sqdress news

Doc: ...[5% ] T 20195F 43 85 ...
...[Xinghua] open recruitment in 2019...

Table 6: Case study. In the topic sentence, the text in brackets is the candidate mention, followed by the golden
label. The text in brackets in the document is the sharing common entity between topic sentence and document.

Predicted labels in red denote the wrong answer.

Type F1 Type F1
address 85.90 person 73.42
entertainer 87.95 book 70.5
food 82.78 tvplay 85.71
event 72.46  show 84.78
sports-star  90.62 scene 70.94
orgnization 73.24 song 81.08
company 74.35 character 70.97
movie 90.13 game 90.09

Table 7: Fl-scores of different entity types on TSNER.

C Case Study

To clearly show the effectiveness of document-
enhanced models for the topic sentence NER task,
we analyze two representative cases by compar-
ing the output of WWM-CRF and Gist-Noun-
TextRank. The cases and prediction results are
shown in Table 6. One type of common error is
wrong entity type. The WWM-CRF model tends to
predict entity type based on the mentioned words
alone. In the first case, WWM-CRF model pre-
dicts ‘# #&(Chu orange)’ as a person name as
‘# (Chu)’ is a last name in Chinese names. The
document-enhanced model can avoid the mistake:
the Gist-Noun-TextRank model can refer to the
document context to predict it as a food. Another
type of common error is missing entities. In the
second example, ‘7% fL(Xinghua)’ is not recog-
nized by the WWM-CRF model. In contrast, the
document-enhanced model can correctly predict
‘>4 ft(Xinghua)’ as an address. We suppose that
the word 7 (city)’ in the document acts as a clear
clue to guide the model’s prediction.

3https://github.com/v-mipeng/LexiconAugmentedNER
“https://huggingface.co/models
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D Future Works

In the future, the following interesting directions
can be explored.

1) When using distant supervision methods, how
to leverage the noise in the document and how
to model the relation between topic sentence and
document are worth exploring.

2) It is promising to build a pre-trained model to
learn the relationship between topic sentences and
corresponding documents.

3) Strategies to extract explicit information in
the document have been proved helpful for topic
sentence NER and hence worth being further ex-
plored. For example, a two-stage summarization
(Dou et al., 2021), that first selects key informa-
tion or keywords as guided information and then
generate a summary, can be helpful for the topic
sentence task.

4) More types of external information can be
incorporated into NER other than document text,
e.g., knowledge base and visual contents.

5) It is also interesting to extend the topic sen-
tence dataset to include more relationships other
than title-document, e.g., abstract-paper.

E Entity Types in TSNER

A detailed description of the entity types in TSNER
are shown in Table 8.



Topic (entity name) Interpretation Example

Ho 1k FILOATHRR], g, T, & M, RLERL kR, XA, FHE

Address (address) common administrative divisions, such as counties, Beijing, Zhongguan-

provinces, cities, villages, etc. cun, China

T A FRIGIE SN AR B AR B8 Y . ek AT K E, &iFE,
A4 E

Tourist  attraction smaller and more specific tourist attractions apart from the Changsha Park, aquar-

(scene) address ium, botanical garden

% R A Bixmmxag A, GEYMER, KFF WK, BIEW. KF
A

Entertainer (enter- entertainment stars, including actors, singers, etc. Hu Ge, Peng Yuchang,

tainer) Zhang Xueyou

wEAY TRREZHRF EUEC

Sports star (sports- mostly athletes Liu  Xiang, Guo

star) Jingjing

LA K, BB DRFFHEIAE RokHF, FLF

Virtual character virtual characters in games, films, TV shows, novels, etc. Ice shooter, Li Yuan-

(character) fang

2t A PRIZ AR, RE . el ey LAy D, 5=

Other person name other person name besides entertainer, sports-star, and char- Ma Huateng, Ma Yun

(person) acter

o 8] VA A A B 88 8] M2, BIR

Company (company) commercial companies Alibaba, Tencent

2R HAH) M o] e ALK, do AR ZATRIR, K7 B, kR KRFE

Organization (orga- groups other than companies, such as interest groups, univer- Haidian chess club,

nization) sities Peking University

% PR ML R M ARG, YA G

Movie (movie)

cinematic movies

A Better Tomorrow,
Once A Thief

WAL T A
TV show (tvshow)

AEOAXNE L EROEAR, BZLF
TV dramas and variety shows launched on TV or on the
Internet

BRI, B|AE
Langya list, biography
of Zhen Huan

AR

Performance (show)

THHAAEGT B, wiER, KXW, ME, PEF
live shows, such as dramas, operas, crosstalks, comedies,
etc.

RALE, KOt
Tianxianpei, daughter-
in-law

FH REREF. RE, 2WF ARRIER

Event (event) major events, exhibitions, conferences, etc. Tokyo Olympic Games

4 iy L AR BEZ WA

Song (song) names of songs Still Here, Take me to
your heart

SEA DU, RES, LFEFRF PR B A B R

Literature (book) novels, magazines, literary works, etc. Norwegian Wood,
Stray Birds

Eyy i X e, A&

Food (food) names of food fried chicken leg, ham-
burger

7 3, B 73X, RE, TARME

Video game (game)  names of video games Warcraft, Honor of
Kings

Table 8: Topics and entity names in TSNER.
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