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Task Definition

We consider the DQ and ND subtasks for STC-3 using deep learning method. The goal of NQ and DQ subtasks Is to extend the one-round STC to multi-
round conversation such as customer-helpdesk dialogues. The DQ subtask aims to judge the quality of the whole dialogue using three measures:. Task
Accomplishment (A-score), Dialogue Effectiveness (E-score) and Customer Satisfaction of the dialogue (S-score). The ND subtask, on the other hand, Is to
classify if an utterance in a dialogue contains a nugget, which is similar to dialogue act (DA) labeling problem.
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Experiments

Table 3 shows the performance of ND subtask in JSD and RNSS
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 Embedding Layer: Word2Vec with 100 dimensions

» Utterance Layer: Apply 2-stack gated CNN to learn context information .
In filter size 2. Additional features are nuggets & speaker features.

 Context Layer: 1-stack gated CNN is applied to learn context
representation of adjancent utterances

 Memory Layer: Memory network structure Is applied to capture long-

BERT-LSTM: Replace the embedding layer and utterance layer of
HCNN-LSTM with BERT

Table 4 shows that multi-stack mechanism improves JSD & RNSS but
gating mechanism and memory layer drop the performance

Table 4. Experiments of BERT-LSTM

Table 3. Performance of ND subtask

range context features between utterances by self-attention mechanism.
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