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S2W HolHAl 3t Ad 23 B -2 &4

RAN -> MISCE & X Ej k| = &X|
e trainset Al HY {7} MISCO 2 Ef ZE| Q0 2HA Q) O QF HYY O] 7} 2RO A] A 0| = THELQ|
H|==otH|, O] &0 2F/ 0l OO 2= 2t 0] 8 &

- 2ROV HEF0E 2ROt EE WMEHOZE misc Ei 17 RAN Ef 1S =8t

e ['demand', 'ransom’, 'Ransom’, 'crypt’, 'Crypt', 'payment’, 'bitcoin’, 'Bitcoin’, 'lock’, 'Lock’] 2| 7| =7t
token = 10 token L 2| H 2|0l LIE} S I RANC 2 H|CH 2 Ef B EICt 2 7HES =

« Rt E2 780N 95 0| L0t LI =X| F1 scoreS Al Lhet

0Ot
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S2W Holg A st A A3 B -2 £4

F1-score F1-score

F1-scores (micro) (macro) LOC MISC ORG PER RAN
A 0.8603 0.8540 0.9259 0.8823 0.8083 0.8148 0.8389
HE2 0.8600 0.8766 0.9516 0.8826 0.8242 0.9062 0.8184
HE3 0.8450 0.8609 0.9737 0.8798 0.8291 0.8406 0.7813
A4 0.8989 0.8918 0.9296 0.9122 0.8590 0.8710 0.8872
s 0.8712 0.9065 0.9639 0.8742 0.8622 0.9730 0.8593
Hde6 0.8543 0.8780 0.9620 0.8844 0.8204 0.9231 0.8004
A7 0.9047 0.9096 0.9677 0.9011 0.8786 0.8889 0.9117
A8 0.9198 0.8970 0.9388 0.9363 0.8418 0.8462 0.9220
g9 0.8332 0.8554 0.9635 0.8452 0.8491 0.8276 0.7914
g0 0.8764 0.8971 0.9811 0.8935 0.8418 0.9184 0.8508
Ha + 24 0.8724 £0.0008 0.8827 +0.0004 0.9558 + 0.0004 0.8892 + 0.0006 0.8415 x 0.0005 0.8810 + 0.0025 0.8461 £ 0.0024
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F1-score F1-score

F1-scores (micro) (macro) LOC MISC ORG PER RAN
A 0.9059 0.8832 0.9259 0.9124 0.8483 0.8148 0.9145
g2 0.9081 0.9107 0.9516 0.9147 0.8412 0.9355 0.9104
Ad3 0.8794 0.8852 0.9737 0.9008 0.8481 0.8529 0.8504
Ae4 0.9361 0.9191 0.9296 0.9376 0.8787 0.9000 0.9495
AEs 0.9174 0.9303 0.9639 0.9069 0.8673 0.9730 0.9403
g6 0.9230 0.9192 0.9620 0.9325 0.8524 0.9231 0.9262
A7 0.9270 0.9227 0.9677 0.9134 0.8889 0.8889 0.9544
A8 0.9296 0.9018 0.9388 0.9451 0.8418 0.8462 0.9374
4go 0.8832 0.8838 0.9635 0.8815 0.8592 0.8276 0.8874
€10 0.9234 0.9226 0.9811 0.9184 0.8468 0.9184 0.9484
Ha + 24 0.9133£0.0004 0.9079 £ 0.0003 0.9558 + 0.0004 0.9163 + 0.0003 0.8573 + 0.0003 0.8880 + 0.0026 0.9219 + 0.0011
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S2W Holg A st A A3 B -2 £4

of 2'd%E M2t

1. PER, ORG, LOC, MISC, RAN, MAL 2| 67}l E§ 1 & AF2310] MALC E Ef A=l EZ0| CHSl 7| KL E7H =0 LS ™H RANC 2 Ef A
St}

2. data augmentation 2 H = AFEBICE. (train setOl| keyword7t 207t =22 o F=7}3tCt)

3. LC}Z= embedding= 3=7}3tCt. (BERT, ELMo, Pooled Flair, BytePairEmbeddings &)
«  BERTL} ELMo, Pooled Flair = Contextualized embeddingO| 2 £ keywordOl| L 8 feature= & &OI'd A2 2 Of| &gt
- IESHAUHIA O 2 pooled Flair Embedding= A& StH 2 H 9| 4&50| EOtZ

. Of2ff E+= Pooled Flair Embedding= & d ot ==0f| A 232t

—

Approach CONLL-03 EN CoONLL-03DE CONLL-03NL WNUT-17
(Pooled Flair Embedding) Pooled Contextualized Embeddings, i 93.18 £ 0.09 88.27 £+ 0.30 90.12 £0.14 49.07 £ 0.31
Pooled Contextualized Embeddings,qz 93.13 + 0.09 88.05 £ 0.25 90.26 £ 0.10 49.05 £+ 0.26

Pooled Contextualized Embeddingscan 93.10 £0.11 87.69 + 0.27 90.44 + 0.20 49.59 + 0.41
(Flair Embedding) Contextual String Emb. (Akbik et al., 2018)  92.86 + 0.08 87.41 £0.13 90.16 £+ 0.26 49.49 £+ 0.75

best published

BERT (Devlin et al., 2018)f 92.8

CVT+Multitask (Clark et al., 2018)T 92.6

ELMo (Peters et al., 2018)" 92.22

Stacked Multitask (Aguilar et al., 2018)" 45.55
Character-LSTM (Lample et al., 2016)Jr 90.94 78.76 81.74
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