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Abstract. Extracting entities and relations from unstructured text is the basic task of building
knowledge graphs. Various methods based on sequence labeling have been proposed recently,
but most of them use uniform token representations to identify entities. It is clear that the first
and last words of the head and tail entities should have different representations. For this reason,
we propose a method based on word interaction that provides different representations for the
first and last words of entities. Specifically, initial token representation is obtained by BERT.
Each token interacts with the next k tokens for the entity’s first token recognition, interacts
with the previous k tokens for the entity’s last token recognition, and merges them to obtain
the head entity. Then recognize the tail entities based on the head entities and form entity
pairs. Finally, get the triples based on a simple multi-classification for relation determination.
Extensive experimental results on four datasets show that THT performs better than state-of-
the-art baselines.

1. Introduction

Extracting triples composed of entities and relations from unstructured text is a fundamental
task of building knowledge graphs. Previous researches [1,2] take pipeline strategies to
decompose triple extraction into two tasks: entity identification and relation classification. In
order to reduce the impact of error propagation, end-to-end strategies are often adopted to
construct joint models, especially those based on sequence labeling.

The core of the joint extraction model based on sequence labeling method is entity
recognition and relation extraction. MultiHead [3] uses character-level encoding to obtain token
representations for head entities and takes a multi-head selection method to obtain tail entities
under a particular relation. NovelTagging [4] directly views the joint extraction as a whole
sequence labeling task, with triple reorganization via Tag. ETL-Span [5] decomposes the task
into multiple sequence labeling tasks, each including two multi-label binary classifications, then
combine results to obtain triples. CasRel [6] considers the relation as a function of the head entity
to the tail entity and takes Span method to introduce the entity information to the identification
of the tail entity under a specific relation. TPLinker [7] transforms triple identifying into a token
linking problem. PRGC [8] uses potential relation extraction to reduce relation redundancy, and
subsequently performs entity identification as well as entity alignment with the help of table
filling to form triples. In addition, joint extraction model includes both table filling and text
generation. GraphRel [9] introduces Bi-GCN for entity information propagation and extraction
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of relations at once. CopyRE [10] and CopyMTL [11] progressively generate head entities,
relations and tail entities to compose triples.

The sequence labeling model treats joint extraction as a multi-task for entity recognition and
entity alignment. Intuitively, taking different representations for the first and last tokens of an
entity can better identify it. The first token of entity should be related to many tokens after
it, and the last token of entity should be related to tokens before it. Inspired by this idea, a
sequence labeling based model named Transfer Head and Tail ( THT for short) is proposed in
this paper. Specifically, given a sentence, initial representation is obtained by BERT firstly.
Secondly, encode transformation is used to obtain a representation for identifying the first and
last tokens of entities and a representation for determining relations. Thirdly, entity recognition
module identifies the head entity and corresponding tail entity. Finally, relation determination
module is used to determine the relationship of entity pairs and to form a triple.

The main contributions of this work can be summarized as follows:

(i) Using token interaction to improve the accuracy of entity recognition.

(ii) Information both before and after the token is used in the model.

(iii) Extensive experiments have been conducted on four common datasets, and the results are
comparable to state-of-the-art models.

2. Method
The proposed model THT consists 3 modules, encode transformation module, entity recognition
module and relation determination module. The architecture of model is shown in Figure 1.

RERRNNNANNE S

Figure 1. The architecture of THT.

2.1. Encode Transformation Module
An initial representation for each word in the sentence is firstly generated with the help of
pre-training model BERT, and then the representation of head entity, tail entity, and relation
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is generated respectively. For entity boundary recognition, a word representation obtained by
absorbing information from surrounding words would be beneficial. For example, for the entity
“apple tree”, “apple” can be better judged as the first token with the help of “tree”, and
similarly, “tree” can be further judged as the last token with the help of “apple”. The first
token of entity is recognized by the token representation obtained by interacting with the next k
tokens using local-attention. The last token of entity is recognized by the token representation
obtained by interacting with the previous k tokens using local-attention. For relation judgments,
the representation mapping generated directly by BERT is used as a new representation. The
encode process can be formulated as:

h={ei, es,...,en} = BERT (x1,22,...,%y ) (1)
th =Wih+b, = {qhsla dhsyy - - - 7qh5n}
Kys = Woh + by = {kh51> khsza s khsn}
Vhs = WSh + b3 = {’Uhsl,’UhSQ, R ,’vhsn}

i DT, K ;) (2)

K 1 exp(a,, ans,)

€hs; = Z;’:i—k QUi Vps;
hhs = {eh51,8h52, ey ehsn}

Qhe = W4h + b4 = {Qhelv Qhesy - - -5 Qhen}

Khe = W5h + b5 = {khep khe2, RN khen}

Vie = Wsh + bg = {vhelvvhegv <o 7'Uhen}

B — exp(gy,, kne) (3)
v Zvl;:i—'k exp(gy, ‘Qhe;)
€he; = Z}:Fk ﬂij’Uhej
hhe = {ehel,eh@, ceey ehen}
h, =W,h+b, (4)

where W;(i = 1,2,...,6) is the trainable weight, h is the initial representation of the token
vector, and hpg, hpe are used to identify the first and last tokens of head entity. Similarly,
h:s, hie can be obtained to identify the first and last tokens of tail entity.

2.2. Entity Recognition Module
The entity recognition module consists of four binary classification modules where two of them
are used to recognize the first and last tokens of head entity and other two are used to recognize
that of tail entity related to the head entity. Adopting two binary classification modules for
entity, first and last token recognition can solve the problem of nested entities. Specifically, each
token identified by the first token classification is combined with each token identified by the
second token classification in the specified range to obtain entities so as to identify entities as
many as possible. The probabilities of the first and last tokens of head entity are:
Phs = Sigmoid(thhzs + bhs)} (5)
D) = Sigmoid(Whehj, + bye)

where hﬁL s and hﬁL . denote the i-th token representations used to identify the first and last tokens
of the head entity respectively, and p’}'L s and pze are the probabilities of the first and last tokens
of head entity respectively, Sigmoid() is an activation function.

Intuitively, tail entities can be well identified by introducing relevant head entity information,
so the head entity representation is connected to the tail entity representation for entity
identification. The process of tail entity identification based on head entity can be formulated
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vps = avgpool (hj hs hfgi, hfgz, e hsi:ie)

Vpe = avgpool(hj,, hf; JLZZ' 7"‘7th =) (6)

UZ = mean(Vps, Vpe)

pts = Sigmoid(Wis(hi,; 'vh) + bys) (7)
= Sigmoid(Wie(hi,; ’Uh) + be)

where avgpool() is used to get the representation of the entity under a particular token
representation, vps,vpe are the representations corresponding to first and last tokens, v,}f is
the head entity representation, p; is the probability corresponding to the first or the last token

of the entity, Wy, and Wy, are the trainable weight.

2.8. Relation Determination Module

After combining head and tail entity to obtain entity pair, a simple relation judgment is
performed to form triples. The relation determination module is simply defined as a multi-
classifier. Specifically, for each entity pair, its head and tail entity representations are pooled on
token representation corresponding to relation, and then connect them to judge relation. The
process can be formulated as:

vl = avgpool(hs', h31+1 R31T2  pith=en)
vl = avgpool(hs?, h32t1 hs2F2  psath=e2) (8)
p = Sigmoid(W(vl; vl) + b))

where RSt (i=1,2;7=0,1,2,...,k) are token representations used for relation judgment, v"
and vl are head and tail representations, p is the probability of the head and tail entities under
all relations, W), is the trainable weight.

We train THT using joint training. Loss functions for entity recognition module and relation
determination are as follows:

ce(p,t) = —[tlogp+ (1 — t) log(1 —p)] 9)

er % Z Z Zce pmn’ mn (10)

me{h,t} ne{s,e} i=1
|R|

ed ‘R’ Zce p'r'a (11)

where ce(p,t) is a cross entropy loss, p is probability and ¢t € {0,1} is true flag and [ is the
number of tokens.
The total loss is summed over two component assignments:

L=Le + Leg (12)

3. Experiments

3.1. Datasets and Evaluation

Following up on previous work, experiments are conducted on two widely used datasets NYT [12]
and WebNLG [13]. NYT is generated by remote supervision with 56k training samples and 5k
test samples. WebNLG is originally constructed for NLG with 5k training samples and 703 test
samples. The whole entity span is labeled in NYT and WebNLG. Modified versions of them,
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i.e., NYT* and WebNLG* with only last word of each entity being labeled are also considered
in this paper.

Similar to the previous work, the prediction is correct only if the triple is exactly the same
as the ground truth, which means matching the last word of the entity in NYT* and WebNLG*
or the whole entity span in NYT and WenNLG. Meanwhile, three metrics of standard micro
Precision, Recall, and Fl-score are taken for the evaluation of methods.

3.2. Implementation Details

All our experiments are conducted on RTX 3080. English based BERT released by Huggingface is
taken as the pre-trained model. The threshold of first and last tokens of head and tail entities,
and that of relation is set to 0.5. The batch size is set to 8 and 16 on NYT and WebNLG
respectively. All parameters are optimized using AdamW. Maximal sequence length is set to
100. Experiments are attempted with the best hyperparameter according to the validation. The
model with the highest F1 in the validation data is evaluated on the test data.

3.3. Results

In the experiments, THT is compared with eight Joint Extraction models, including
NovelTagging [4], CopyRE [10], MultiHead [3], GraphRel [9], ETL-Span [5], CasRel [6],
TPLinker [7] and PRGC [8].

Table 1. Precision(%),Recall(%) and F1-score(%) of THT and baselines.
Model NYT* WebNLG* NYT WebNLG

Prec. Rec. Fq Prec. Rec. Fq Prec. Rec. Fq Prec. Rec. Fy

NovelTagging [4] - - - - - - 32.8 306 317 52.5 19.3 28.3
CopyRE [10] 61.0 56.6 58.7 37.7 364 371 - - - - - -
MultiHead [3] - - - - 60.7 58.6 59.6 57.5 54.1 55.7
GraphRel [9] 63.9 60 61.9 447 411 429 - - - - -
ETL-span [5] 849 723 781 84 91.5 87.6 8.5 717 T8 84.3 82  83.1

CasRel [6] 89.7  89.5 89.6 93.4 90.1 918 - - - - - -
TPLinker [7] 91.3 925 919 91.8 92 919 914 926 92 88.9 845 86.7
PRGC (8] 93.3 919 926 94.0 92.1 93.0 93.5 919 92.7 89.9 87.2 885
THT* 69.2 855 76.6 89.5 87.1 83.1

THT 92.7 92.8 92.8 93.7 93.4 93.5 92.6 92.7 92.7 91.2 88.7 89.9

Table 1 shows the results of our model and 8 baselines on four datasets. It can be observed
that THT achieves the highest F1 on four datasets, especially on the WebNLG, where the F1
gains 1.4 improvement and all three evaluation metrics get the best performance. THT* is a
cut-down version of THT with a unified token representation for entity recognition and relation
classification. It can be seen that all metrics of THT are better than THT* on WebNLG* and
WebNLG, indicating that different token representations are effective. The advantages of the
model are mainly focused on the encode module. Firstly, the head and tail entities in a sentence
can be better identified by using different token representations. Secondly, for the first and last
tokens of entities, combing different representations and then combining them can improve the
accuracy of entity recognition and can find real entities with higher probability comparing with
unified representation.

4. Conclusion and Future work

In this paper, a new joint extraction of entities and relations named THT is proposed. Current
models with uniform token representation lead to incomplete recognition of head and tail entities.
So, a word interaction method is proposed to solve this problem. Large number of experiments
are conducted on four datasets to evaluate the proposed model from different aspects. The
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experimental results show that the proposed method is effective . The complexity of the proposed
method is relatively high since more tokens should be analyzed while identifying the entities.
More efficient method will be studied in the future.
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