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AA Wy mue 3 gt} 3kA| ¥ VAE(Variational Autoencoder)9} -2
A FE 5 A W dRE FAGE AR B EAE Aeth ole Ado Aol A& A AT de Ast=
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HA | gd 2de zAdo] A #del gEstA vk VAE & B, & AMs7] fal A X Q(zlx) 7t
dole o] ot # Foll wet dso] depxinh. HelE 7t AasH, VAE ¢ Fw-g}o]Ze] (Kullback-Leibler;
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A WeE ayoer FEIA =HE dEsHA 7Mooz = Hu HPE EIX(Maximum Mean
At At®El wHe 4 79 Hl =] Wk =1 Discrepancy; MMD)E A}g3le] AXtE Wasserstein
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gtagoln 2O @ 0= 27 JAY AME B¥x g
AP o] AFoln

2 = AE A MEF FE2 TS AT
$3l BART, T5 ¢ 22 A1d FdH% o] 2P (Pre-
trained Language Model; PLM)o] A}&-3}%th. PLM &
ol E AFste JdIY-YIY Fx

i SST2 SSTS PC MR
CNN 78.64 40.66 89.84 68.16
+ Ours 79.30 41.97 90.04 71.54
RNN 76.26 36.64 91.99 71.13

+ Ours 78.33 39.92 92.79 74.25
BERT 89.61 50.42 93.65 84.05
+ Ours 91.24 51.13 95.56 85.52
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