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Introduction

® Dialog disentanglement 1s a natural language task for disentangling valuable software chat messages into distinct conversations, which
1s an essential prerequisite for in-depth analyses that utilize this information. A number of approaches has been proposed to address
such 1ssue of dialog entanglement, such as message-pairs models (FF, CNN ezc.) or sequential-based models (BERT, E2E ezc.).

® Unlike general conversations, software engineering (SE) dialogs have different and distinct characteristics: (1) SE dialogs heavily
focus on resolving issues, which are mostly 1n the form of question and answer; (2) SE dialogs are domain-specific and each domain
has 1ts own technical terms and concepts; (3) SE dialogs usually involve more complex problems, which require developers to discuss
various topics within one dialog.

® We conduct an exploratory study on 7,226 real-world developers’ dialogs mined from eight popular open-source projects hosted on
online forum: Gitter. The main contributions are summarized: (1) We conduct a comparative empirical study on evaluating the state-of-
the-art disentanglement approaches on software-related chat; (2) We propose a novel measure, DLD, for quantitatively measuring
human satisfaction on disentangled results; (3) We release a dataset of disentangled software-related dialogs to facilitate the replication
of our study and future improvements of disentanglement models.

® Models Selection: Search the literature published in the representative venues
for the last 15 years.

® Metrics Selection: Investigate the evaluation measures that are adopted by
existing literature.

Dataset 1s constructed from the most participated
projects found 1n eight popular domains. The total
number of participants 1s 95,416, accounting for 13%
entire Gitter’s participant population.
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Measurement Effectiveness of DLD i
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: —_ . : : Category Error Correlation Hypothesis |
i ,DLRt o E[1 ,A(D,T' DP )/ (DT T DP )] Ii Analysis | RMSE | MAE PEA IST | PST | ANOVA ® The lowest error (RMSE: 0.08, MAE: 0.07), i
' ® Dialog Levenshtein Distance: ii ME Classifier | 0.38 | 0.34 0.08 |E-55| E-46 E-55 highest correlation (PEA: 0.92). i
i DLD = A-DLR; + (1—A4) DL R,0<A1<1 | BILSTM | 037 | 032 0.02 |E-19| E-17 E-19 ® No significant differences when compared to i
e R | i CISIR 041 | 0.36 0.17 E-69 | E-59 E-69 human satisfaction (Hypothesis). |
| FF 0.19 | 0.14 085 | E4 | E-l4 E4 ® The lowest error across all projects (Figure). i

| BERT 0.08 | 0.92 092 |051| 031 0.51 |
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Bad Case 1: Ignoring  ( R Does this approach make any sense <O?’R‘>i ® We evaluate five SOTA dialog disentanglement models on

;| Ry If you want to leverage caching of build | , . , .
Interaction Patterns tazsks zes : : <P‘A:’Rs> SE dialogs to investigate how these models can be used n

(IIP: 64%) ﬁ* R;: Copy what I need into a docker image? <FQR;> i the context of SE.
 CRyYougemypom! <FDR,>
E_E“JE_“E:_]“;;;,; _____________________ Contextual-related: data model & mongodb - O We conduct two experiments with the original and the
i sze;l: ueal I nio :mla é’on 2.4R,: Can it be represented in data models? i retrained models respectively. Results show that the original
i (ICI: 21%) =""R,: That's exactly why we have mongodb. i FF model 1s the best one for disentangling SE dialogs.
(LA - <17 o) |
i R1: How can I get it back please? @ We introduce a novel measure DLD. Compared to other
l o >g Ry: Try to install EasyDex. i measures, DLD can more accurately measure human
- Bad Case 3: Mixing up R,: How can I see my outstanding balance? : satisfaction
i Topics (MT: 9%) ngz Use EasyDex its light wallet. | '

R;: Thanks bro. , . : :
___________________________________________________________________________________ - @ We investigate the reasons why some disentangled dialogs

e g o . Relation(Pl,P3)="friend” are unsatisfying, and identify four common bad cases
bad Case 4: Ignoring .AR1: Should I give up applying angular? yme, Y '

(IUR: 6%) “R3: Igor will find and kill u ;)

i User Relationships é . Why give up? i




