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A conversation graph expresses

what each utterance Is a response to

Jonathan - Conversation graphs express
what each utterance Is a response to
/
Protessor - What
defines an utterance?

Student - Why
IS it a graph?

Jonathan - An utterance could be many things, like a line
in IRC, or a post on a website, and in every case it might
respond to multiple other messages, forming a graph.
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IRC logs are multi-user and Def‘”[‘;;‘:g

multi-conversation Models

[03:06] <BurgerMann> does anyone know a consoleprog
that scales jpegs fast and efficient?.. this digital
camera age kills me when I have to scale photos :s

® [03:06] <Seveas> delire, yes

[03:06] <Seveas> BurgerMann, convert
[03:06] <Seveas> part of i1magemagick
=== E-bola [...@...] has left \#ubuntu []
[03:06] <delire> BurgerMann: ImageMagick

[03:06] <Seveas> BurgerMann, 1 used that to convert
100's of photos in one command

[03:06] <BurgerMann> Oh... I 11l have a look.. thx =)
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<BurgerMann>

<Seveas> delire,
<Seveas> BurgerMann,

<Seveas>

<delire> BurgerMann:

<Seveas> BurgerMann,

<BurgerMann>
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<BurgerMann>

<Seveas> delire,

<Seveas> BurgerMann,

<Seveas>

<delire> BurgerMann:

<Seveas> BurgerMann,

<BurgerMann>
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One common ambiguity is multiple e

responses vs. elaboration Models

® <delire> BurgerMann: convert, display and others are
part of the IM set of tools.

J® <delire> .. all fantastic

; y@ <Seveas> indeed

“¢ <Seveas> ImageMagick rocks
® <delire> truly.
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% of lines
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This annotated data reveals potential
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We are exploring a range of models ~elnlion

and Inference methods Models

® ® o

Binary Ranking Structured
Classifier Classifier Search



We are exploring a range of models ~elnlion

and Inference methods Models

Perceptron

Feed-Forward
Network

Dynamic Network
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Preliminary results are strong,

with downstream implications

Graph Structure Thread Extraction

System P R F VI ARand AMI P R F
Link to previous 369 359 364 0.719 0380 0470 0.0 0.0 0.0
Lowe et al. (2017) 140.3] [39.6] [39.9] 0.772 0.361 0.402 16.8 54.6 25.7
New Heuristic [38.5] [37.4] [37.9] 0.787 0548 0470 166 50.6 25.0
Linear 65.0 63.2 64.1 0923 0.773 0.877 3585 614 599
Feedforward 649  63.1 64.0 0.924 0.774 0.875 583 60.5 59.3
+ text repr. 65.2 634 643 0926 0.798 0.880 58.7 619 60.3
x10 union 62.1 64.7 634 0.925 0804 0856 619 565 59.0
x 10 1ntersection 61.9 60.2 61.0 0.852 0.468 0.633 385 624 47.6
Human 82.1 82.3 82.2 0963 0.895 0917 763 83.1 795
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Preliminary results are strong,

with downstream implications

System

Graph Structure
P R F

Link to previous
Lowe et al. (2017)
New Heuristic
Linear
Feedforward

+ text repr.

369 359 364
140.3] [39.6] [39.9]
138.5] [37.4] [37.9]

65.0 632  64.1

64.9  63.1 64.0

65.2 634 643
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Preliminary results are strong,

with downstream implications

Graph Structure

System P R F

Feedforward 64.9 63.1 64.0
+ text repr. 65.2 634 643
x10 union 62.1 64.7 63.4
x 10 1ntersection 61.9 60.2 61.0

Human 82.1 82.3 382.2
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Preliminary results are strong,

with downstream implications

Thread Extraction

System VI ARand AMI P R F
Link to previous 0.719 0380 0470 0.0 0.0 0.0
Lowe et al. (2017) 0.772 0.361 0402 16.8 54.6 25.7
New Heuristic 0.787 0548 0470 16.6 50.6 25.0
Linear 0923 0.773 0877 58.5 614 599
Feedforward 0924 0.774 0875 58.3 605 59.3
+ text repr. 0926 0.798 0880 58.7 619 60.3
x10 union 0925 0804 0.856 619 565 59.0
x 10 1ntersection 0.852 0468 0.633 385 624 47.6
Human 0963 0.895 0917 763 83.1 795
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Thank you!

Jonathan Kummerfeld

Follow my blog! — jkk.name
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