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Task-Oriented Dialogue Understanding with Explicit Knowledge Injection
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Abstract: Dialogue understanding aims to detect user intent given dialogue history. Due to the lack of
domain knowledge, traditional dialogue understanding models fail to understand domain-specific entities.
Knowledge-enhanced approaches are proposed to improve model performance with structured knowledge,
where the knowledge is implicitly injected with knowledge embeddings. However, knowledge embeddings
have to be updated with the update of the knowledge base, which brings extra costs. Besides, existing
methods suffer from the knowledge noise and incorporate the context-irrelevant knowledge that changes the
semantics of the utterance. To address the above issues, this paper proposes a multi-task learning dialogue
understanding model with explicit knowledge injection (K-CAM). K-CAM injects knowledge into the
model using natural language knowledge without retraining the model for updated knowledge embeddings.
A multi—task learning objective of joint intent detection, slot filling, and relevant knowledge recognition is
further proposed to resist the knowledge noise problem. Extensive experimental results show that the

proposed model K-CAM achieves a significant improvement of 4.87% and 2.09% in macro F, on the intent
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detection and slot filling tasks compared to other baselines.

Key words: task-oriented dialogue understanding; knowledge base; multi-task learning
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Fig.1 Example of dialogue comprehension tasks
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Table 3 Results of ablation experiments %
] i EAL G518, EATE
Macro-P Macro-R Macro-F, Macro-P Macro-R Macro-F,
K-CAM 92.45 91.63 92.04 87.66 86.14 86.89
w/o know 89.99 88.47 89.22 87.91 84.69 86.27
T E ) w/o0 context 87.65 90.13 88.88 83.93 86.42 85.16
w/o entity task 89.24 90.35 89.79 85.25 83.49 84.37
Joint BERT (w/o0 all) 84.82 88.25 86.50 80.38 84.62 82.45
K-CAM 94.58 70.86 79.90 92.21 73.95 82.07
. w/o know 91.14 70.11 79.25 91.88 73.66 81.77
IGRE B
w/o context 89.66 69.43 78.25 90.50 73.09 80.87
w/o entity task 90.41 71.02 79.55 91.38 73.33 81.36
Joint BERT (w/o all) 88.52 69.42 77.81 90.21 72.92 80.65
B S, A% SOk K-CAM 8 1 2k RE 07T VP Al L AR 90 %
A GURGT RS RE ) o PRl 4 23 1T K-C AMASE 28 0 28 A6 81 sor
Joint BER'T Fifi il 5 5 U A H 0, A5 78 F503000 of 3485 50 14 1) 2% §_ 01
X FAE M AR TE D . IWE 4T LLE H A SCHE 1 5 E 60y
SRR A B0 35 B AR AR K-CAM L 2R B8 Joint BERT 5 50f
A RS BT G T R R L XM TR 4o ) .
BERT fE & K-CAM # %1 Al Joint BERT #5 % Y J& ik 2 1 L
i, A B N2 T 0 4 SCAR E AT A S0 25, 4B 25 L 3 Tteration / 10°
X AT AR, 2 AR K-C AM S B T L i A5 A SERER 41 R
R S PR AT R T A Fig.4 Experimental performance evaluation
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