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Task Definition

* NER: identify and classify named entities within a text
* RE: Identify and classify relations between entities mentioned in text
« Joint NER and RE: combine both subtasks in a joint model

Text
Furthermore, we propose the use of standard ' et for
automatically evaluating the summarization quality of sentence condensation systems.
Entity Entity Type

Method
summarization quality Metric
sentence condensation systems Method
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imarization quality Evaluate For sentence condensation systems




Motivation

* Most joint models suffer from the issue of feature confusion, failing to
effectively model the interaction between the two subtasks.
* Challenges

* How to alleviate feature confusion within the joint model when
learning features across the two subtasks?

« How to effectively model the intricate interaction between the two
subtasks within a joint framework?
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Model

« Parallel encoding

Input  Encoder Module Co-Attention Module
H = BERT(X) .
Y —
H!\'ER —_— ;"ILP(I‘I) ‘ NF.-LsTcnﬁcd ‘hmcd:‘r ‘ N%MItid
Hpe = MLP(H) ® | ||ef@ o] e | ||gfe
@ = 5M9® 2 e || |®®
 Shared presentation and Convolution layers |@ 3 -~ = : 'l'_ -
(J — [11 NER: fl RE: D] ‘ RE-specified | Distance : .:-.. Rl{—spg'nd
Embedding | |
1—15 e o (' 1 v’2d (- | Co-Attention Matrix
chare = Conv2d(Q) AN oy .

« Attention aggregation @) Concatenat

1] J

A= f“f’,-\",-'\"‘(flsharc) _(IE‘ — h‘; + ZQ Y i
a = Softmax(A) le

8 = Softmaz(AT) gi = hi + ) Bijh§
i=1



Model

« Representations Concatenation

Uy = 95 g5 h’fj]
ui; = 97395 hi)]

 Conditional probabiliity prediction

P(e|zi,z;) = sigmoid(Wyo (Waug; + ba) + bs)
P(r|zi, x;) = sigmoid(Wao (Weu]; + be) + ba)
* Joint training
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Experiments

“Dataset Method PLM NER RE
CopyRL (Zeng et al., 2019) - - 721
CasRel (Wei et al., 2020) B 935 896
TpLinker (Wang et al., 2020b) B - 91.9
NYT StereoRel (Tian et al., 2021) B - 92.2
PFN (Yan et al., 2021) B 958 924
EmRel (Xu et al., 2022) B - 92.1
CARE (Ours) B 95.7 926
CopyRL (Zeng et al., 2019) - - 61.6
CasRel (Wei et al., 2020) B 955 918
TpLinker (Wang et al., 2020b) B - 91.9
WebNLG StereoRel (Tian et al., 2021) B - 92.1
PFN (Yan et al., 2021) B 98.0 93.6
EmRel (Xu et al., 2022) B - 92.9
CARE (Ours) B 98.1 939
SPE (Wang et al., 2020a) SciB 680 346
UNIRE (Wang et al., 2021) SciB 684 36.9

PURE:single-sentence (Zhong and Chen, 2021) SciB 66.6 35.6

SCERC  pRE:cross-sentence (Zhong and Chen, 2021) SciB 689 36.8
PFN (Yan et al., 2021) SciB 668 384
CARE (Ours) SciB 699 40.9

Table 1: Performance on NYT, WebNLG and SciERC dataset. (PLM=pretrained language model, B=bert-
base, SciB=scibert-base). The NER results of CasRel are reported from Yan et al. (2021).



Experiments

Setting NER A RE A
Default 69.9 - 409 -

- Distance embedding 69.3 06 404 05
- Shared representation 69.4 05 400 09
- 3x3 convolution 69.1 08 402 0.7
- Co-attention 68.7 12 396 13

Table 2: Ablation study on the SciERC dataset.

Layers NER RE

N=1 69.5 403
N=2 69.6 406
N=3 69.9 409
N=4 68.2 405

Table 3: The impact of co-attention module depths
on the SciERC dataset.



Conclusion

« We propose CARE, a Co-Attention network for joint entity and Relation
Extraction, which can effectively exploit interactions between subtasks.

» We adopt parallel encoding to separately learn task-specific representations for NER and RE,
preventing feature confusion between the two subtasks.

 Building upon parallel encoding, we introduce a co-attention mechanism to capture two-way

Interaction between NER and RE, effectively leveraging the information from one subtask to
enhance the other.

 Extensive experiments on three benchmark datasets (NY T, WebNLG and SciERC)
show that our model can achieve superior performance compared with existing
methods, and ablation studies demonstrate the effectiveness of our method.



