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Abstract. In the Financial Report subtask of the CCKS Task 5, the challenge is that
a file may have tens of pages and a table may be across multiple physical pages, we
aim at optimizing the performance of detecting the table regions and cells and joining
the table parts separated by page boundaries. In the Personnel Change Report subtask
of the CCKS Task 5, seven entities are defined in the personnel change relation.
Technically relations with more than two entities can be separated into triples[1], but
in this case labeling the files requires extra efforts. Identifying multi-entities relation
directly is non-trivial since multiple relations of the same type are difficult to be
separated, especially when they share some entities. Given that no entity in the
personnel relation is mandatory, it’s infeasible to retrieve relations by seeking for head
entities. Clustering relations with the correlation matrix [2] cannot handle the sharing-
entities case. We introduce a two-stage neural architecture to identify variable-size
relations. In the first stage, entity spans are retrieved. In the second stage, we link the
entities by decoding the relation sequences. Unlike conventional decoders, the number
of relations is dynamic during decoding. We introduce a pointer network to track and
manage the relations.

1 Introduction

Relation extraction (RE) is a task of identifying the semantic relationship between pairs of
entities mentioned in the input sentence. Some neural-based approaches encode linguistic
and syntactic properties of long word sequences, making them preferable for sequence-
related tasks and significantly better than pattern-based approaches and machine learning
approaches based on engineered features[3]. Convolutional Neural networks (CNNs) [4]
and Long Short-Term Memory (LSTM) networks [5] are highly efficient and effective as
they require less feature engineering in relation extraction tasks. Recent research shows that
we can combine CNNs with RNNs to build a more powerful feature extraction network [6].
In addition, by feeding LSTM outputs to reinforcement learning (RL) and generative
adversarial network (GAN) remarkable results can also be achieved[7].

Traditionally, Relation extraction task is approached as two separate subtasks: entity
extraction and relation extraction. In the phase of entity extraction, there may be a large



number of duplicate or wrong entities that are extracted from the text. Introducing a
sentence-level selective attention [8] can make the model concentrate on the entities which
play a key role in relation construction. Some researches that focus on a general purpose of
taking into account dependency tree information [1] to model the relations between the
entities and others introduce a quadratic scoring layer [9] to model the two subtasks.
However, due to the lack of support from external corpus information, the general ability
of the model is insufficient and the deep semantic logic cannot be perceived.

Pretrained language models are able to capture the meaning dynamically according to
the context. Recently, some pretrained general-purposed language encoders have been
proposed, including GPT [10], GPT2 [11], BERT [12], roBERTa [13], ERNIE [14],
ERNIE2.0 [15] and XLNet [16]. These models were trained on large amounts of unlabeled
text to embed generalizable words and can be fine-tuned to accommodate supervisory tasks.
Among them, the respective Chinese pretrained models published by BERT and ERNIE are
most widely used in Chinese Natural Language Processing (NLP) tasks.

BERT (Bidirectional Encoder Representations from Transformers) is a new method of
pre-training language representations which can obtain state-of-the-art results on a wide
range of NLP tasks. Some recent attempts based on BERT pretrained model have brought
forth encouraging results in the relational extraction models, including one-stage relation
extraction task combining BERT and CRF [17] and two-stage task that relies on the feature
representation of BERT[18]. Most researches focus on using triplet relationships to
correlate information between entities and relationships[2]. However, the construction of
triples will limit the performance of the model in the face of complex multi-relation
entities.[2, 17, 18]

In this paper, we propose a novel two-stage neural network for relation extraction. At
stage one, we use an entity model to predict the entities for each relation type. At stage two,
a pointer network model [19] is introduced to predict the relations among the entities. With
the aid of BERT-base-Chinese pretrained model and pointer network architecture, our
model achieves the state-of-the-art performance on the CCKS2019 Task 5.

2 Relation Extraction

2.1 Related Works

Previous works typically leverage the correlation matrix to predict candidate relations in a
whole sentence. Approaches in this type have two limitations. Firstly, an entity is formed
by consecutive tokens, predicting relations between entities either requires bipartite-graph-
like connections between the tokens or specifying a head/tail token [2] in each entity. Both
strategies require the model to learn the constraints, which could be programmed instead.
Secondly, to predict a relation with more than two entities, it needs to cluster the relations



with connected graph. However, if an entity is reused in more than one relation of the same
type, multiple relations are mixed together. It is tricky to separate the relations.

2.2 Model Architecture

We propose a two-stage approach to reduce the prediction space. In stage one, we introduce
an entity model to extract the entities for each relation type. In stage two, a pointer network
[19] is used to predict the relations among the entities. To manage the models for each stage,
we build a framework model to hold the entity models and relation models. Each entity or
relation model is dedicated to handle one relation type. That means, the framework model
holds two dictionaries of models with relation type as the keys.
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Fig. 1. Model architecture.

2.2.1 The Framework Model

In order to share parameters and reduce memory, we put the token encoding module in the
framework model. Since the token encoding shall contain enough unbiased information for
models of all relation types to fulfill their subtasks, we introduce a pretrained BERT-base-
Chinese [12] as the embedding module and put a RNN layer on top of it.

2.2.2 The Entity Model

The entity model computes the fixed-length encodings of each entity, which takes two steps
to get. The entity encoding not only contains the information derived from BERT
contextualized embeddings, but also encodes the entity type, positions and occurrence
indices, which are useful for differentiating multiple relations of the same type in one
paragraph.



Step 1, predict the entity spans with BIO tagging. This step simply projects token
encodings into output dimension regarding the number of entities of current relation type.
Predicted BIO tags are converted to entity spans before computing entity encodings.

Step 2, compute the entity encodings. Given the entity spans and token encodings, we
compute entity encodings by adding following additional information to semantic
encodings:

1. Positional embedding

P, = Ep(pg; gp)’ ®

where pg denotes the start token index of each entity. E, (*; 8,) is the embedding module
with 8, as parameters, which is equivalent to onehot(p; )TQP. In the remaining of this
article, we neglect the parameter 6,, for simplicity.

Since the position could be larger than the maximal position size, we take the remainder
of p5 /m, instead, where m, denotes the maximal position size.
2. Occurrence index embedding

0, = [E;(0),E.(09)], 2)

where O} denotes the entity occurrence index regarding the current entity sequence and Of
denotes the occurrence index of the same entity type in the current entity sequence. E; and
E,, are the embedding modules.

3. Entity type embedding

T, = E¢(t.), (3)

where t, denotes the entity type id and E; is the related embedding module.
Now we concatenate the embedding to get the entity state

Se =[P, 0., T,]. )]

The final entity encoding is the RNN final state of the token sequence with S, as the
initial state

Y, = SpanRNN(X,S,). ®)

where X, denotes the token sequence of each entity and SpanRNN is a single-layer LSTM
module.

2.2.3 The Relation Model

After encoding the entities, all non-entity tokens are filtered out. Since the entity encodings
have already encoded context information, it is possible to predict the relations among the



entities by feeding the entity encodings only. To make things clearer, we focus on a single
relation type and depict how relations are predicted given the entity encodings.

As addressed previously, we opted out correlation matrix methodology because it is hard
to differentiate multiple relations when they share entities. We could work around by
specifying a subject entity in each relation type, but we decided not to make any assumption
on the relations so that maximal flexibility could be retained. With this point of view, we
designed a pointer-network-based relation model to predict all possible relation paths. A
relation path is an ordered entity sequence which is equivalent to a relation. Ordering is an
extra output which is not part of the orthodox definition of a relation, however it is required
by pointer network so that state transition procedure can be defined.

Entity Model ‘ Entity Encodings ‘ W
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‘ Token Encodings ‘

Fig. 2. Workflow of the neural architecture (SOR/EOR denotes the start and end token respectively,
ey denotes the kth entity of a relation)

Given the current decoding state of a relation as s;, the conditional probability of the next
entity position c; is computed by the following equations in sequence.

p(clYe,s;) = o(w'h;,) (6)
hi. = BLSTM(Y,"), (N
Yo = [[Ye,osi]‘ [Ye,lsi]' s Yer—1 sill, @®)

where [Y,,s;] denotes the concatenation of the tth entity encoding and s;, w is a one-
dimension weight vector. BLSTM(*), denotes the t th hidden state produced by a
bidirectional LSTM.

In each step, we collect C = {c;, p(c:|Y,,s;) > 0.5} as the set of possible next entities.
If C is an empty set, the decoding procedure outputs -1 indicating the end of it. If |C| > 1,
the decoding procedure duplicates the ongoing relation sequence and its state s;. For each
Cts

Sty = hyg,. )



In the training procedure, c; is sampled from ground truth relations. The cost function is
the cross entropy between the output probabilities and the golden label y(c;).

T-1 (20)
L= ~y(e)Inp(e)
t=1
In the evaluation epoch, we evaluate the relation accuracy in non-ordered way.
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hy = BLSTM(Y,"), (12)
F1 = max (%) (13)

i i+Ri/)'

where nl,,,, P;,R; denotes the correct number, precision and recall by comparing the ith
relation label with the predicted relation. We find the best-matched relation and compute
F1 as the score of the current prediction.

2.2.4 Evaluation

We evaluate our system in CCKS2019 task 5, Personnel Changes dataset. We divided the
dataset (totally 616 files) into 501 files as training set and 115 files as validation set.

Table 1. Examples from dataset

Case

Prediction
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In the first case, the remaining positions are decoded as sequential entities, because they
don’t generate a new relation.

Fig. 3. Sequential entities of the same entity type

In the second case, the two relations share all entities except for the names and genders.
In the first step, given a start token, entity ‘> A J;[A” is found, only one relation is on track
at this moment. In the second step, the relation model infers that “%k A% and “FHEE”
are next parallel entities, so the relation is duplicated. The two relations proceed with
different names and genders (genders appear the same, but the positions are different).
Although successive entities are reused, relations are not merged.

— —p| —]

Fig. 4. Parallel entities of the same entity type.

In the following example, resignation and succession events are tagged in different
relation types. After the model inference, the two relations are combined by post-process.

Table 2. Example from dataset

Case Prediction
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Fig. 5. Relations merged by post-process.

The final output of this example is:
{
“600167-BRSRIEM-HF KRS PAEHFRMAE": |
“MEFFES 7. 26001677,
“IEFRfRIFR s “ERSRIE,
SNEEF: [
{
“EIREEEAS T RE—,
“EEEER T e,
“VEPIREDG s VEAREFSEIAR (HEEAFES. DM

W55,
“EIRUEE s S NREEL,
“REE A SRR,
“RAEE RS e,
CHRAEE IS "N EEF R EERK

}
]
}
}

2.3  Analysis and Future Work

In this two-stage model design, the BIO tagging of the entity model conversed to 0.946 after
40 iterations and afterwards keeps stable, as shown is Fig. 6. The reason why the tagging
step cannot reach higher accuracy is that some entities occur multiple times but only one
occurrence is tagged.

Another shortcoming of this design is that accuracy might decrease as the number of
entities in each relation type increases. We predefined two relation types for the test. In
CCKS 2019 Task 5 dataset, we leave the combining work to post-process.

For the future work, we will try to control the variation and support larger relations. We
plan to explore the following directions:



1. Tagging all matching entities and merging them before relation recognition. The
methodology will reduce ambiguity when predicting the entity spans.

2. Concatenating the content-based embeddings to the entity encodings. Entity model
tends to output similar entity encodings of the same entity type. But we want the
encodings to capture more context such as the name’s literal embedding. This is
essential for the relation model to connect long distance entities.

Score(%)
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(a) Metrics of the entity model. (b) Metrics of the relation model.

Fig. 6. Metrics during training iterations.

3 Table Information Extraction

All of the target tables in this task have a plane structure. Therefore, although we have
models to handle more complex table layouts, a method that simply extract data from the
tables row by row is adopted here. The overall workflow is shown in Fig. 5. Among the
steps, what dominate the duration and accuracy are extract table cells and handle cross-
page situation, respectively, which will be illustrated later.

| text *
Resolve Extract griachtens
——PDF—P| —Backgroundp» Cells—P»{ totable
document table cells
cells
* ells with texts:
e ——Tables— actdata Data—» Map items ——Output—
page parts row by row

Fig. 7. Workflow of table information extraction.



3.1 Extract Table Cells

With a binarized background image as the input (Fig. 6 (a) shows an example), we extract
table cells with BFS algorithm. Extracted cells are represented as (x0, y0, x1, y1), where
x0, y0, x1 and y1 are left, top, right and bottom positions (by pixel) of a cell. This method
applies two-layers of BFS. The first layer seeks for the outlines of the tables by tracking
black pixels. The minimal rectangle containing each connected outline pixels suggests the
region of a table. The second layer tracks all white connected graphs inside the table regions.
Based on the assumption that all cells are isolated by black boundaries, the outcome of the
second BFS will be the region of each cell.

One trick to accelerate the process is to set all-white pixel rows as visited before starting
BFS (illustrated in Fig. 8 (b), yellow area). Array operation costs less time than BFS
tracking does as it needs not to acquire for dynamic memory.

Replacing BFS with horizontal scanning could make it even faster, at the sacrifice of
universality however, so the scanning means is not employed.

(a) Binarized background image. (b) Illustration of regions and cells detection.
Yellow area is visited by detecting all-white
rows. Pink area is visited by cells detection.

Fig. 8. Extract table cells from a background image.

3.2 Handle Cross-page Situation

A table and cell completeness detection algorithm is adopted to deal with the situation that
a table crosses pages. There are two challenges: 1) recognizing and ignoring headers and
footers; 2) determining whether we should merge the cross-page cells or not.

For the first challenge, we identify the header by detecting header line and recognize the
footer by compositing position, width of text box and text pattern.
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Fig. 9. Example of comparing “Tii 5 value sets among tables in the same format.

For the second challenge, we solve it by comparing the “Tji H” value sets of tables in the
same format. As the example shown in Fig. 9, when we discover “DAA\ B IT=E HE
i AKHE” and “IRZEAYERE TG in <BEATIET= 113>, it can be noticed that
neither of these items appear in <& -5 71 {ii#%>, while the concatenated string of them
does. Consequently, we should merge these cross-page cells.

4 Conclusions

In this paper, we propose a two-stage neural architecture to predict the BIO tagging of
entities spans and the conditional probabilities of next entity index p(c;) in relation
decoding. By using the two-stage architecture, we are able to reduce the prediction space in
relation identifying. Pointer network is introduced to transfer the relation state s/, from
the last hidden state h; and the next entity set C. Our method works with the variable size
of relations as well as relations-sharing entities. No constraint is imposed during relation
labeling and prediction.

In future work, we will try tagging and merging all candidate entities to improve the
entity tagging accuracy. Besides, more context will be encoded into entity representation
so that long-distance entities can be connected. For table information extraction, we are
adding more coverages on corner cases on top of our table detection and reconstruction
algorithms for complex layouts.
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