F9mIwzEimNLP#sE= (2017.9.15)

Detecting annotation noise
in automatically labelled data

Ines Rehbein & Josef Ruppenhofer
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Error detection procedure
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The difference from
Active Learning (AL)

—Typical AL
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Example of Experimental Results

(POS tagging for 5000 tokens)

=

N

QBC VI-AL

#tp ED prec rec | #tp ED prec rec

100 8 85.0 13.5 75 75.0 11.9
200 | 148 74.0 23.5 | 146 73.0 23.2
300 | 198 66.0 31.4 | 212 70.7 33.6
400 | 239 59.7 379 | 278 69.5 44.1
500 | 282 56.4 44.8 | 323 64.6 51.3
600 | 313 52.2 49.7 | 374 62.3 59.4
700 | 331 47.3 52.5 | 412 58.9 65.4
800 | 355 44 .4 56.3 | 441 55.1 70.0
900 | 365 40.6 57.9 | 465 51.7 73.8
1000 | 371 37.1 58.9 | 484 48.4 76.8




Query by committee [Seung+'92]

« QCB: One of the selection strategies
for Active Learning (AL)

« Uses a classifier ensemble (committee)

« Selects the instances that show
maximal disagreement

i.e. the instance with the highest entropy

M
H = — Z P(y; = m)log P(y; = m)

m=1



MACE: Multi-Annotator Competence
Estimation [Hovy+'13] (1/2)

« Generative model of the annotation process
— The Correct label is treated as latent variables

— Assuming an annotator always produces the
correct label when s/he tries to
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MACE: Multi-Annotator Competence
Estimation [Hovy+'13] (2/2)
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either an annotator tried to get the right answer, or .
simply did not care, but (almost) nobody tried “a little”
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(hyper-parameters are
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REFZE: VI-AL

« Guiding variational inference with AL
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Experiments

« Simulation studies

1. POS tagging (in-domain setting)
 Train & Test: Penn Treebank

2. POS tagging (out of domain setting)
« Train: Penn Treebank, Test: Web treebank

3. German NER (out of domain setting)
« Train: HGC or DeWacC corpus, Test: Europarl corpus

 Real AL scenario with a human annotator
4. POS tagging (out of domain setting) (=2)

« Train: Penn Treebank, Test: Web treebank
o 2&YDLEIHEWEE GHEERE)



Tools for POS tagging &
iIn-domain accuracies

« 7/ tools
— bi-LSTM-aux [pPlank+'16]
— HUNPOS [Haldcsy+'07] (=HMM)
— Stanford [Toutanova+'03] (=ME)
— SVMTool [jiménez+04]
— TreeTagger [Schmid'99]
— TWeb [Ma+'14] (=Easy-first+NN)

— Wapiti [Lavergne+'10] (=CRF)

WSJ with 20,000 tokens

Tagger Acc.

bilstm 97.00
hunpos 96.18
stanford 96.93
svmtool 95.86
treetagger 94.35
tweb 95.99
wapiti 94.52
avg., 95.83
majority vote | 97.28
MACE 971.27
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1. POS tagging (in-domain setting)

QBC VI-AL
N | label acc ED prec | label acc ED prec
0 97.58 - 97.56 -

100 97.84 13.0 98.42 41.0
200 97.86 7.0 98.90 33.0
300 97.90 5.3 99.16 26.3
400 97.82 3.0 99.26 21.0
500 97.92 3.4 99.34 17.6

Label accuracies on 5,000 tokens after N iterations
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Tagger accuracies on different
genres in Web treebank [Bies+'12]

answer email newsg. review weblog
bilstm 835.5 84.2 86.5 86.9 89.6

hun 88.5 874 892 89.7 92.2
Stan 89.0  88.1 899 907 23.0
svm 87.4  86.1 882 88.8 91.3
tree 8.8  85.6  87.1 88.7 87.4

tweb 882 871 885 893 920
wapiti 852 824 846 865 813
avg. 872 858 877 887  90.4
major. 874  88.8 8.1 909 938
MACE 874 886 8.1 910 939
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2. POS tagging (out of domain setting)

QBC VI-AL

#tp ED prec rec | #tp ED prec rec

answer | 282 56.4 44.8 | 323 64.6 51.3

email | 264 52.8 47.1 | 261 52.2 46.6

newsg. [ 195 39.0 36.0 | 214 42.8 39.6

review | 227 45.4 49.7 | 255 51.0 55.8

weblog | 166 33.2 54.6 | 196 39.2 64.5

QBC VI-AL

N | #tp ED prec rec | #tp ED prec rec
100 85 85.0 13.5 75 75.0 11.9
200 | 148 74.0 23.5 | 146 73.0 23.2
300 | 198 66.0 314 | 212 70.7 33.6
400 | 239 59.7 379 | 278 69.5 44.1
500 | 282 56.4 44.8 | 323 64.6 51.3
600 | 313 52.2 49.7 | 374 62.3 59.4
700 | 331 47.3 52.5 | 412 58.9 65.4
800 | 355 44.4 56.3 | 441 55.1 70.0
900 | 365 40.6 57.9 | 465 51.7 73.8
1000 | 371 37.1 58.9 | 484 48.4 76.8

No. of true positives
(# tp), precision (ED
prec) and recall for
error detection on
5,000 tokens after
500 iterations on all
web genres

No. of true positives
(# tp), precision (ED
prec) and recall for
error detection on
5,000 tokens from
the answers set
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3. German NER

Baseline classifierlZl&. HGC&DeWacTENEFNFEE L=
GermaNER[Benikova+'15]1&StanfordNER[Finkel+'091Z {5 FH (2 x 2=4)
Z3FHDITS—#HMajority vote (1756 errors)D A HY
MACE (1628 errors)&YZ L DO TEE (& POS Tagging)

QBC VI-AL
N | #tp ED prec rec | #tp ED prec rec
100 54 54.0 3.1 76 76.0 4.7
200 | 113 56.5 6.4 | 155 77.5 9.6
300 | 162 54.0 9.2 | 217 72.3 13.4

400 | 209 52.2 11.9 | 297 74.2 18.2
500 | 274 54.8 15.6 | 352 70.4 22.3
600 | 341 56.8 194 | 409 68.2 25.5
700 | 406 58.0 23.1 | 452 64.6 27.8
800 | 480 60.0 27.3 | 483 60.4 29.8
900 | 551 61.2 314 | 512 56.9 31.9
1000 | 617 61.7 35.1 | 585 58.5 35.8
1000 | remaining errors:1,139 | remaining errors:1,043
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— X THEIR (severely understudied problem)
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— Y—X LA E: https://qithub.com/julmaxi/MACE-AL
(MACE: https://www.isi.edu/publications/licensed-sw/mace/)

— 112U EE D EGDEH D BT DFEM AR
- MO, —EULDRENDEM:LNGN?
GHX R DERIENTREN—RDRBATEH85% Ll DFEFE)



https://github.com/julmaxi/MACE-AL
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