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. Utter. Timestamp Speaker Textual Message
IntrO dUCtlon 1 [11:31] S1 Hello everyone, morning to Gitter!

2 [11:31] S1  Hello? Can anyone help me on
bundling Angular 2 app into a
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Experiments
Metrics M Reddit IRC Gitter Average i
Models NMI  ARI Fl DLD | NMI  ARI Fl DLD | NMI  ARI Fl DLD | NMI  ARI Fl DLD | NMI  ARI Fl DLD
CISIR [Jiang er al., 2018] 2047 645 1292 2501 | 6577 3289 3546 4711 | 4662 337 2060 27.17 | 6433 4557 4032 4895 [ 4930 22.07 2733 37.06
PtrNet [ Yu and Joty, 2020] 2105 845 1374 2003 | 68.02 31.59 3096 4531 | 6053 37.14 4420 5422 ( 71.36 51.10 4692 4899 ) 5524 3107 3391 4116
Baseli Dial BERT [Li et al., 2020] 2557 1097 20013 4045 | 71.65 4005 3867 4756 | 5461 815 1649 3930|1546 1137 3029 21.74 | 41.82 1764 2640 3726
ASEINES | SSE2E [Liu et al., 2020] 3575 2545 2213 4152|7316 4280 4045 4966 | 62.61 2058 1820 41.52 [ 3520 2512 2788 3450 [ 5168 2849 2717 4180
CATD [Tan et al., 2019] 3646 2413 23.04 41,39 | 7415 4321 4470 5035 | 65,85 47,14 3003 5230 | 7046 51.01 4857 51.65 | 6173 41.37 3659 4892

MuiDIAL Intent UZUDIAL | U2TDiaL | 3964 2899 3217 5242 | 7697 4435 45.62 57.46 | 7245 5231 538.65 57.91 | 79.25 5652 4957 61.25 | 67.08 4554 4145 57.26
v v 3746 27.56 29.60 49.67 [ 7395 4279 4214 5440 | 6606 48.02 33.05 51957294 5471 47.14 5316 | 62.60 4327 3798 5230

Variants v v 2271 1745 1624 2513 [ 6795 3956 3951 4975 66,13 4331 3551 5451 | 7338 5330 4705 5007 | 5754 3841 3458 4487
v v 3625 2508 2407 4417 | 7324 41.85 3957 50,15 | 6354 3115 21.16 4376 | 4661 3636 3852 3565 | 5491 3361 3083 4343

 MUIDIAL achieves the best performance on all four metrics on average, improving by 4.07% (NMI), 4.17% (ARI),
4.86% (F1), and 8.34% (DLD)
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Conclusion

® We propose a novel intent-based dialogue disentanglement model MUIDIAL

® We propose the dialogue disentanglement model with mutual learning framework, which enriches the utterance
embedding with user intents.

® The evaluations on four benchmark datasets show that our model outperforms the baselines by 5% on average. l
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