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A man is playing a guitar.
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The girl plays the piano.
ABFNETS
O BEBR- STABLUE /)N

A woman is dancing.
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Word Mover’s Distance (WMD) [Kusnher et al., 2015]

HHBOD BRI

Word Rotator’s Distance (WRD) [Yokoi et al., 2020]
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Gromov-Wasserstein gE

jEE1: Self-Attention 1751
BERT [Devlin et al., 2019] @ Self-Attention 1TH(IIEEIEIRICEEE [Clark et al., 2019]
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PAWS [Zhang et al., 2019]
» BEIREHIEZSL2OOX(E, EVMAZFRIRN?
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(Y1) 1. Flights from New York to Florida
2. Flights to Florida from NYC = i
3. Flights from Florida to New York

T =5, PAWSqqp TlE, train — dev, dev — test £93.

Train  Dev  Test Paraphrase
PAWSwii 49,401 8,000 8,000 44.2%
PAWSqoep 11,988 677 - 31.3%

SV

SWMRZ TRV

11



= BERT (& transformers [Wolf et al., 2020] @ bert-base-uncased (12/Z12head).
= BERTOO/EH (5%8Y), BERT W12/ER (&8, &=i%E) Z{HA.
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baseline
bag-of-words (BOWS), EZEEDDEIFRIRDFII(CLBIX DI EIRIR
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= WMD, WRD, Gromov-Wasserstein Bzt

= EEENXC:EIEZERBULFETHD Ordered WMD [Liu et al., 2018], WMDo [Chow et al., 2019]
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embedding PAW Sy AUC embedding PAWSgop AUC
baseline baseline
BOWS 0.492 BOWS 0.4901
word embeddings mean BERTO 0.4892 word embeddings mean BERTO 0.5026
BERTI12 0.5669 BERTI12 0.6163
Ordered WMD (max iteration = 5) metric [ Iy o Ordered WMD (max iteration = 5) metric [ b @
BERTO euclid 1 .04 10 (0.5934 BERTO0 euclid 3 0.01 10 0.583
BERTO  cosine 12 02 10 [0.7304] BERTO  cosine 10 0.06 10 0.6446
BERTI12 euclid 1 0.03 10 0.6573 BERTI12 euclid 2.5 001 10 0.6517
BERT12  cosine 3 0.075 10 0.6985 BERTI2 cosine 1.9 0.01 10 0.6856
WMDo ] WMDo )
BERTO 19.5 0.7214 BERTO 19.5 0.5346
BERT12 20 0.7212 BERT12 17.5 0.5337
WMD-base layer  head A WMD-base layer head A
WMD (cost normalized) BERTO0 0.5838 WMD (cost normalized) BERTO( 0.521
BERT12 0.6433 BERT12 0.634
WMD-GW (cost normalized) 0 8 0.623 WMD-GW (cost normalized) 6 1 0.602
WMD-proposed BERTO 0 8 0.6 0.7148 WMD-proposed BERTO 9 1 0.4 0.7025
BERTI12 2 9 043 0.7262 BERT12 9 1 0.36 0.6972
WRD-base layer  head A WRD-base layer head A
WRD (cost normalized) BERT0 0.547 WRD (cost normalized) BERTO 0.5078
BERT12 0.6118 BERTI12 0.6335
WRD-GW (cost normalized) BERTO 6 9 0.5264 WRD-GW (cost normalized) BERT0 10 4 0.589
BERTI12 2 9 (0.5205 BERT12 9 11 0.5896
WRD-proposed BERTO 0 8 0.75 0.7281 WRD-proposed BERT0 9 1 0.4 7121
BERTI12 2 9 048 0.7156 BERT12 9 1 0.35 0.7019 [
[ ]:best ] : proposed [_]: WMD (WRD), GW, proposed DLLER 13
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