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Unlabeled Dataset Labeled Dataset
Model
ACC NMI ARI ACC NMI ARI
Baseline (Stage 1) | 58.65  0.2847  0.3399 | 78.63 0.4686 0.5319
NCL 37.39 0.084 0.0851 73.61  0.3951  0.4443
Ours 62.13 0.3524 0.3131 77.68 0.4596  0.5221
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B 4. 194

4.2 Hr} 7|&E

L 459 8 W10 HIEACO)E Ao
ot 2ol gle dHolH 9 ¢ d7Heet daEEe o8&l
1% o] BE Sdolq M L ARES Auss 2ol
e g ALgato] B

1y = 0
ClusterACC = maxy, 2= Hy: = m(G)} (7)
n
yie A9 =S, gie A5 2PEE ou|shH m o= 2

AE9 98 Yehdtt B x Bt 7|E 0 2 NMI(Normalized
Mutual Information)} ARI(Adjusted Rand Index)& A3

2 AHY 24 B7HE AT
NMI = M (8)
3 (H(y) + H(3))
NMIE o5 gl 232 got Ag 2l 22X yo fAEE S
Aote Ar=x AEZI7L FS4E 1o 7] $2 A<

UpehdITh. ARL 4] o= Ze]AE9} A 2o 2E Ato]e]
A2 E SAsHH 02 T4 222H, 12 &5 A=
ojm g
S () = [ ()5, ()] /6)
L)+ )] -2 G)]
o= ZF 34 WA 7Hsgt BLE dlo] e 4o u b o 23} A4

>
—
Il
—~
=]
=

il JolE1 L) 7471 7450 71 27 71)
s Aste ZAYT
4.3 49 A%

A )72 93] o]u]z] NCDQ] 1A% malofA] AFE-SH

[¢)
[¢)

718 NCL(Neighborhood Contrastive Learning)[8]-& 2]-8-5}

St5ol avt

o] MultiWOZ H|o] e & ’51% 171tk 3 304 & &= Ql&%°] D
¢} D! BE ACC7} skt Es] D 9] 7% NMI, ARIZ}
7] sfete) 2ol 2H % Eo] ij HojHck. NCLY] A of
A w71 e] Ho]EhE-2 queneo] AT o] S
BER Agols o] glof sol HTH Heron T
2 71540] Atk vk 92 mele Dol o] 4 et
ACC7} 3.48 A QITE Dol A9 ACC, NMI, ARI 2%
vlol2 mele] A5t fARe 452 7=
FE 49] w/o Stage 1-& 1HHA 52 AXA] ¢ ZHI=
roberta-baseof st<5H Ayt NCLY OQurs 2% A=
dojR el ole 7 Hdo] £k 2l ALt Al F2 il
8ol dasty] dzolh. ZEH a9l ¥ ohE ohdl
SH=9] dHE 2 vt A 22 setiES 7HRA &

% 9le.

% Negative

2

Unlabeled Dataset
Augmentation Method
ACC NMI ARI
Synonym substitution 58.72  0.3272  0.2492
Random insert 54.39  0.2844  0.2166
Ours (Back translation) | 62.13 0.3524 0.3131
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