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Source classifier: — (a) Conventional: Unsupervised Domain Adaptation
Labeled source inst.: @ ® ® @ °
Unlabeled target inst.: AA A A ® e °

Labeled target bag: «+ W0
Aggregate tokens: Q@
Source prototypes: $8$3¢3 88

Global alignment via Shared Aggregated Tokens Fine-grained alignment via Max-Severity Triplet loss
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Pre-Training Step Source Domain Adaptation Step
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LIMUC #F.A1k LA LIMUC
Target Label Instance Label Ratio||Method ||Accuracy Kappa Macro-F1 || Accuracy Kappa Macro-F1
ADDA || 0.521 0.575 0.364 0.604 0.645  0.529
DANN || 0.429 0.500 0.352 0.560 0.446  0.423
MME 0.610  0.593  0.469 0.670  0.695  0.541
1% CDAC 0.588 0.545  0.446 0.593 0.571  0.506

T 0%

S3D 0.668 0.652  0.534 0.692 0.738  0.586
Patient-level labels 0% Ours 0.714 0.746 0.603 0.706 0.787 0.594

20 BRI R . F A RAE ML

. . N LIMUC f.f1k — A —LIMUC
ik RS R | el Accuracy Kappa Macro-F1||Accuracy Kappa Macro-F1
Ours v v v 0.714 0.746 0.603 0.706 0.787 0.594
w/o Triplet v v 0.658 0.703  0.576 0.705 0.787 0.605
w/o Triplet& AT v 0.521 0.574  0.363 0.604 0.645  0.529
w/o Adv&Triplet& AT 0.237 0.300 0.212 0.580 0.397 0.344
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PRZS, TR SIS A -

A BRIATENE . FATIAT T —DUHRTTS , W AT 5955 =
RT3 U BOR PP S R B ARSI R R B = e A R A M. 35 218
N TIEEIITE RIS R . FANTRF IR R A5 I5 5 30 =Jedifiik (7 Triplet) |
B =oe R AR AR (C Triplet&AT ), AR —FhoR 61 =02
Bk LEREFHCHXHE T IR A (JE Adv&Triplet&AT) #E47 T
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LIMUC to Private Private to LIMUC

w/o Triplet& AT Ours w/o Triplet& AT Ours
(by class) (by class) (by class) (by class)

w/o Triplet&AT Ours w/o Triplet& AT Ours
(by domain) (by domain) (by domain) (by domain)
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4 4k
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