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Introduction

m Takeaways
- Better responses by filtering training data
- Overfitting = better on automatic metrics

Hi, how are you?
good

What did you do
today?

| don’t know




Problem formulation

One-to-many Many-to-one

Where are
Played poker we going?

What did you/ e Wh-at's?the —>| don't know
do today? \/_ shopping. time”~ / :
orked.

Previous approaches:

» Feeding extra information to dialog models [1]
= Augmenting the model or decoding process [2]
= Modifying the loss function [3]




Methods (ldentity)

= Filter high-entropy utterances
= 3 filtering ways: SOURCE, TARGET, BOTH
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Methods (Clusteri ng) = SENT2VEC [4] and AVG-EMBEDDING [5]

= Mean Shift clustering algorithm [6]
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Data m DailyDialog (~90.000 pairs) [7]
m Remove 5-15% of utterances

m High entropy utterances:
- yes | thank you | why? | ok | what do you mean? | sure
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Output

Probafbilities
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Evaluation Metrics
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Results (at loss minimum)

U| HY H: HY H) D} D) AVG EXT GRE COH dl d2 bl b2 b3 b4
TRF 8.6 730 122 63.6 93 330 .85 .540 .497 .552 .538 .0290 .149 .142 .135 .130 .119
= 109 7.67 12.7 83.2 121 .286 .72 .570 .507 .554 .584 .0266 .150 .161 .159 .156 .146
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Results (after overfitting)

Ul HY H: H* H: DY Db AVG EXT GRE cOH dl d2 bl b2 b3 b4
TRF 115 798 134 95 142 .0360 .182 .655 .607 .640 .567 .0465 .297 .333 .333 .328 .315
13.1 8.08 13.6 107 162 .0473 .210 .668 .608 .638 .598 .0410 .275 .334 .340 .339 .328
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Cornell-Movie Dialog Corpus

| Results (other datasets)
|U\

H* HY) H* H: D¥% Db AVG EXT GRE COH dl d2 bl b2 b3 b4
TRF 6.55 104 54 75 229 340 .667 .451 .635 .671 4.7e-4 1.0e-3 .108 .120 .120 .112
12.0__644 104 74106 253 3.79 646 .456 .637 651 9.8¢c4 3203 .108 .123 .125 .118
Twitter dataset
U| HY HY H! H. D} D! AVG EXT GRE COH dI d2 bl b2 b3 b4

TRF 20.6 6.89 114 121 177 2.28 3.40 .643 .395 591 .659 2.1e-3 6.2¢-3 .0519 .0666 .0715 .0693

29.0 6.48 10.7 157 226 2.68 3.69 .644 .403 .602 .660 1.4e-3 4.6e-3 _ .0550 .0740 .0819 .0810




Conclusion

m Better responses by filtering training data
m Overfitting = better on automatic metrics




Thanks for your attention!

L
- codel/utils/filtering_demo.ipynb

- Paper, Poster, Blog post, Slides
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