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[%%]GCN(Graph Convolutional Network)

[Kipf et al., 20161
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[Z=Z ]GAT (Graph ATtention network)
[Velickovi¢ et al., 2018]
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Knowledge-Enriched Transformer for Emotion Detection in Textual
Conversations

Peixiang Zhong' %, Di Wang', Chunyan Miao'*~
Joint NTU-UBC Research Centre of Excellence in Active Living for the Elderly
2Alibaba-NTU Singapore Joint Research Institute
*School of Computer Science and Engineering
Nanyang Technological University, Singapore
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What do you plan to do for your

Mo emotion birthday? =
No emation | want to have a picnic with my friends, \ Context
Mum.
Happiness How about a party at home? That way J
ppines: we can get together and celebrate it.
Happiness OK, Mum. Il invite my friends home. Response
A
g ™
socialize party movie

Figure 1: An example conversation with annotated la-
bels from the DailyDialog dataset (Li et al., 2017). By
referring to the context, “it” in the third utterance is
linked to “birthday™ in the first utterance. By lever-
aging an external knowledge base, the meaning of
“friends™ in the forth utterance 1s enriched by associ-
ated knowledge entities, namely “socialize™, “party”,
and “movie”. Thus, the implicit “happiness™ emotion
in the fourth utterance can be inferred more easily via
its enriched meaning.
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ESTEE S

Model EC DailyDialog MELD EmoryNLP IEMOCAP
cLSTM 0.6913 0.4990 0.4972 0.2601 0.3484
CNN (Kim, 2014) 0.7056 0.4934 0.5586 3259 0.5218
CNN+cLSTM (Poria et al., 2017) 0.7262 0.5024 0.5687 0.3289 0.5587
BERT_BASE (Devlin et al., 2018) 0.6946 0.5312 0.5621 0.3315 0.6119
DialogueRNN (Majumder et al., 2019)  0.7405 0.5065 0.5627 0.3170 0.6121
KET_SingleSelfAttn (ours) 0.7285 0.5192 0.5624 0.3251 0.5810
KET_StdAttn (ours) 0.7413 0.5254 0.5682 0.3353 0.5861
KET (ours) 0.7348 0.5337 0.5818 0.3439 0.5956

Table 2: Performance comparisons on the five test sets. Best values are highlighted in bold.
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» XAk, KBIEENZNEDTZIFIODNRVER
Dataset KET  -context -knowledge
EC 0.7451  0.7343 0.7359
DailyDialog  0.5544  0.5282 0.5402
MELD 0.5401 05177 0.5248
EmoryNLP  0.3712  0.3564 0.3553

[IEMOCAP  0.5389 04976 0.5217

Table 5: Ablation study for KET on the validation sets.



Machine Reading Comprehension Using Structural Knowledge
Graph-aware Network

Delai Qiu'!, Yuanzhe Zhang?, Xinwei Feng®, Xiangwen Liao,
Wenbin Jiang*, Yajuan Lyu*, Kang Liu*?, Jun Zhao**
! College of Mathematics and Computer Science, Fuzhou University, Fuzhou, China
2 Institute of Automation, Chinese Academy of Sciences, Beijing, China
3 University of Chinese Academy of Sciences, Beijing, China
4 Baidu Inc., Beijing, China
noneqgdl@gmail. com, {yzzhang, kliu, jzhao}@nlpr.ia.ac.cn
lxw@fzu.edu.cn, {fengxinwei, Jjiangwenbin, lvya juan}@baidu . com

31



BE

« Machine Reading Comprehension(MRC)% XU CKBZ G
« MRC: T+ X MEGATENICEATERICEZADYRY

« Graph Attention Network (GAT) ZISFHUETETIVDIRE
e WO DT—FYhZEFE>TASVEWEEEZFKIE




FA

"Knowledge Sub-Graph N

Construction_ Output Layer

_1r o Ar

Kl edee S % @0 00
i 8 s & S 0
Graph Graph Graph
atten . Atten | ., Atten
tion tion tion
. __;; g ] ]
" -dIIf\IIL | [ [ ™
C T, T, Te [[Tem || T | = | T | == | Ta

Question and Paragraph Modeling

Ejg E, E, Ey Esery Ei o Ek e EI!«[
L = ~ = = = = = A
(lcst)[Tok1| - TokN | [ 15EP] | [ Tok1 . ok
I | I
... electricity and ... .. electricity
Question Paragraph

Figure 1: Framework of our SKG model.
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EM F1
Model Dev Test  Dev Test
QANet (Yuetal., 2018) 35.38 36.51 36.75 37.79
SAN (Liuetal., 2018) 38.14 39.77 39.09 40.72
DocQA w/o ELMo (Clark and Gardner, 2018) 36.59 38.52 37.89 39.76
DocQA w/ ELMo (Clark and Gardner, 2018) 4413 4544 45.39 46.65
SKG+BERT-Large(ours) 7094 72.24 T1.55 7278

Table 1: The performance of different models on ReCoRD dataset.
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KB €15
e BERT-
‘ Large
Corpus Relation Statistics Baselines KB LM

P #Facts #Rel | Freq DrQA RE, RE, Fs Txl Eb E5B Bb Bl
birth-place 2937 | 4.6 - 3.5 138 44 2.7 5.5 7.5 149 16.1
Gooele.RE birth-date 1825 | 1.9 - 0.0 1.9 0.3 1.1 0.1 0.1 1.5 1.4
© death-place 765 | 6.8 - 0.1 7.2 3.0 09 0.3 1.3  13.1 14.0
Total 5527 3 4.4 - 1.2 7.6 2.6 1.6 2.0 3.0 9.8 10.5
I-1 937 2 1.78 - 0.6 100 17.0 36.5 10.1 13.1 68.0 74.5
T-REx N-1 20006 23 23.85 - 54 338 6.1 180 3.6 6.5 324 342
N-M 13096 16 21.95 - 7.7 367 120 165 5.7 7.4 247 243
Total 34039 41 22.03 - 6.1 338 89 183 47 7.1 31.1 323
ConceptNet Total 11458 16 4.8 - - - 3.6 5.7 6.1 6.2 156 19.2
SQuUAD Total 305 - - 37.5 - - 3.6 3.9 1.6 4.3 141 174

Table 2: Mean precision at one (P@1) for a frequency baseline (Freq), DrQA., a relation extraction with naive
entity linking (RE,), oracle entity linking (RE,), fairseg-fconv (Fs), Transformer-XL large (Txl), ELMo original
(Eb), ELMo 5.5B (E5B), BERT-base (Bb) and BERT-large (Bl) across the set of evaluation corpora.
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