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3. Proposed Method
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3.2. Explicit Pseudo-pixel Supervision
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3.3. Joint Training Procedure
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4. Experimental Setup
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5. Experimental Results

5.1. Handling Boundary and Co-occurrence
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CAM [52]cvpros 0.74 (33.1)  0.11 (52.9) 0.09 (49.6)
SEAM [11]cvpr2o  1.13 (30.7)  0.24 (48.6)  0.20 (45.5)
ICD [13]cver2o 0.47 (41.4) 0.11 (56.7) 0.09 (49.2)
SGAN [17]access20  0.10 (42.3)  0.02 (48.8) 0.01 (36.3)
Our EPS 0.10 (55.0) 0.02 (78.1) 0.01 (73.0)
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5.2. Effect of Map Selection Strategies
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w/o w/ w/ Method Seg. Sup. val test
Method

refinement CRF [26]  AffinityNet [ }SEC[ Jscoviis Vi I 507 517
CAM [52]cveris 48.0 - 58.1  AffinityNet [2cvpris %! I 584 605
SEAM [11]cvpr-20 55.4 56.8 63.6  ICD [13]cvpre20 V1 I 612 609
ICD [32]cverizo* 59.9 62.2 BES [32]scovizo %! L. 601 61.1
SGAN [17]accrss20* 62.8 - - GAIN [28]cvpr-1s V1 L+4S. 553 568
Our EPS 69.4 71.4 71.6  MCOF [10]cvpri1s V1l L+S. 562 576
SSNet [18]1coviio V1 L+4S. 571 586
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(mIoU) . * FIRMNENE NGB REZNE, HAWEiiRER SeeNet [19]Neurtps 18 V1 L+S. 611 60.7
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FickleNet [27]cvpr s V2  L+S. 61.2 61.9
TE R, RIFEEE R b HTE LryZeRm OAA [21]icovis V1 14S. 631 62.8
H 20 R R R I R S R — B B 2 ICD [13]ovpre2o VI I+4S. 640 63.9
B2, BEHRZEWEHEHITTIHRE, XA E Multi-Est. [11]gcoviao V1 14S. 646 642
AN AR K S S LR e s . SR, FRATT A 3d Y Split. & Merge. [S0]pccvizo V2 L4S. 63.7 645
e ) R T DA ) SR e B LD B _SGAN [lacomssao V2 14 B2 650
FE O A A B Our EPS VI 1+4S. 666 67.9
V2 L[4S. 67.0 67.3
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B 6. 7E MS COCO 2014 $#fadk LisE & EISERAER] (a) MAKR, (b) HIARE, 1 (c) FATH EPS.

Method Seg.  Sup. val  test
ICD [13]cvero2o V1 L. 64.1 64.3
SC-CAM [5]cver2o Vi L. 66.1 65.9
BES [32]mcceviao V2 L. 65.7 66.6
LIID [31]rpamr2o V2 L. 66.5 67.5
MCOF [40]cvrriis V1l L+S. 603 61.2
SeeNet [19]NeurtPs1s V1l I+S. 63.1 628
DSRG [20]cveriis V2 L+S. 614 63.2
FickleNet [27]cvpris V2 L+S. 64.9 65.3
OAA [21]iccvie V1 I+S. 652 66.4
Multi-Est. [14]gcovie V1 L+S. 67.2  66.7
MCIS [38]zccvao Vi I14S. 66.2 66.9
SGAN [417]accEss 20 V2 L+S. 671 67.2
ICD [13]cvprao V1 L+S. 67.8 68.0
V1l L+S. 71.0 71.8
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