EFWnEIN
BRI ERT

KELE

BR

&6
FREBIEIEHIR
USSR &%
BRI
SLiE
HESRE

SEE

KEHE

EFMmEIRESEN AR

BT F IRIBIERN 5 5 R

HEA S SO

KR
SIP: ARSHIE SREE

HEAZHZSITERE
2023 6 H 6 H

HREAFHZSITE

g

= 5‘—55‘%




EFWnEIN
BRI ERT

KELE

B
“ie
HEILATA
RUER S
BRI
i
gipsmE

SEE

KEHE

B=x

U

O #ic

@ TEIECHIR
@ MIHUTIERE%
Q ErtHEN

Q =k

O #FHtSRE

HREAFHF SITERESER




EFFI 9 e
s g O S R E

KELE

EE
o
FREIRICHIR
SUSIER %
BRI
Ll
HiL5RE

SE

BRI AT



EFWnEIN
BRI ERT

KEhE

EES

“ie
HEILATA
SR
BRI
i
gipsmE

SEH

—> R

— =
—> i

Fids

N
E 2: EpXINEREE

,’rﬁlak—:f—*ﬁl—?—'iﬁ'%ﬂ?‘—?—ﬁ




EFWnEIN
BRI ERT

KEhE

BR

e
FREBIEIEHIR
USSR &%
BRI
SLiE
HESRE

SEH

HRESENENX

o

@ Domain-adversarial training of neural networks[1]

e Conditional adversarial domain adaptation|2]

@ Learning to adapt structured output space for semantic
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