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Iig. 1 Class-wise occupancy rankings and Dice comparisons on Synapse (20%) and AMOS (5%) datasets.

@ Problem 1: Multi-organ datasets are highly class-imbalanced: large organs dominate voxel occupancy.

@ Problem 2: Single-decoder SSMIS models are easily biased toward majority organs.
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# Finding: Despite minor ranking fluctuations in Synapse and
AMOS dataset, class stratification remains stable and aligns o8 5P f,': f:
with anatomical priors. LKWLK ak XK
RK RK Ao Ao

# |dea: Organs are stratified into three classes, with three
category-specific decoders designed to address their
respective segmentation tasks.

€ Motivation: Stable organ-size hierarchy naturally supports a
divide-and-conquer design.
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IFig. 2 Class proportion rankings in labeled subsets across
varying labeling ratios for Synapse and AMOS datasets.
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Divide — Conquer — Aggregate

€ Divide:
€ Log-Gap Analysis partitions foreground organs into Head, Medium, and Tail sets.

€ Conque:
€ Three asymmetric expert decoders specialize on different organ groups using label-split supervision.

€ Aggregate
@ Logit stitching produces expert-fused pseudo-labels, while DFAM dynamically aggregates expert
features.

Instead of forcing one decoder to handle all scales, DCA assigns
scale-aware experts and aggregates their complementary strengths.
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Fig. 3 Overview of Our DCA Framework. DCA decomposes class-imbalanced

¢ Divide: Log-Gap Analysis partitions foreground classes into Head / Medium / Tail. Se%mzntat,ion into expert specialization
® Conquer: Three asymmetric expert decoders specialize in different organ groups. {29 aptive aggregation.
€ Aggregate: DFAM dynamically fuses expert features and produces final segmentation.
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Divide : Data-Driven Head / Medium / Tail Partition

1. Voxel Count:
N H,W,D
Vi = Xk S 1) = k)
Count foreground voxels for each organ class.

Log-Gap Analysis gives a
parameter-free, anatomy-
aware class partition.

/2. Foreground Proportion: A
Py = T Vig = Yk=1Vi
Normalize by total foreground voxels to avoid background
dominance.
o J
/3. Log-Gap: )
P .
G;j = log(P(jy) — log(P(j+1)) = log <ﬁ>
KLarge log gaps reveal natural cliffs between organ-size groups. D
/5. Sets:

4. Breakpoints:
kym = arg max (Gj)

o = arg _max(6)

m S ={cp|1 <J < kum}
JE( SM = {C(])|kHM +1 S] < kMT}

\

Wy




DCA: Conquer — Three Asymmetric Expert Decoders CVPR 7 DENYES

Conquer: Scale-Aware Expert Decoders

/
Head Expert .
® Dy, dilation = 2, =n stages = {2,2,1,1} “ €

ch Head ch lead

M_DeB-9

\‘ Large organs: larger receptive field, fewer layers.
[ . N
Medium Expert
® Dy, dilation =1, n stages = {3,3,2,1}
\0 Medium organs: standard V-Net decoder. )
Tail Expert e I
® Dy, dilation =1, n stages = {4,4,3,2}
€ Small organs: deeper decoder for fine details.
< : N /Supervised loss: N
Label-split: H _ Lol
( ) T ( ) €S Lsup - Lseg(pH»yH)l
1
(p) N {y Op oi}helese ’ L%{lp N Lseg(Pé/p)’;{/I);
Each expert only learns its own organ group; all other LS‘}P ~ L,Seg(pT’yT)
organs are remapped to background Expert specialization reduces the burden of one
\ i ' / Kdecoder handling all organ scales. /




DCA: Aggregate — Logit Stitching for Pseudo-Labels
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Aggregate: Expert-Fused Pseudo-Labels by Logit Stitching

/Foreground Stitching:

pr(P)[c] ifc € Sy
® i (Pc] = {puPIc] ifc € Sy
pr(p)[c] ifc €St
@ Each foreground class takes logits only from its responsible

expert.
\_

/Background Stitching:

® 1 (P)[0] = 3 (PEP)[0] + pH(P)[0] + Pl (P)[0])
€ Background is shared by all experts, so we average their
L background logits.

/
~

/

Pseudo-label:
® Jiise = arg max(pyyg,)

LY

} [ Logit stitching avoids conflicting softmax averaging and preserves expert specialization. ]




DCA: Aggregate — DFAM and Final Objective
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Aggregate: Dynamic Feature Aggregation Module - TR ~
Expert Feature Concatenation: F, ™ e
®F, = Concat(Conv(FH) Conv (Fy), Conv(FT)) Y 0 L o
1X1X1 1xX1x1 F 1x1x1 Conv
¢ Unify and concatenate same-level expert features k
RelU
b
" Attention Maps: ) JLEE AN -1
‘ {AH'AM'AT} = Softmax (E?&‘{ (Relu(gXOBI;\g(FCOH)) )) ! Fexpert 4__‘;) Softmax <
® Ay(p) +Au(p) +Ar(p) = 1 . -l B
€ Generate voxel-wise softmax attention over three experts £ v :
. Y T
Ve . ~N |®E|emen‘r wise mul'npllca'rlon'
Feature Aggregation: I At 4€D) Element-wise summation
\’ Fexpert AH ® l:"H + AM ® l:"M + AT ® l'-"T

Residual Fusion:

[Fig. 4 DFAM: Dynamic Feature Aggregate Module

\’ Fpram = Fexpert + l:"up

seg (pA» yfuse) * Ltotal

J
Unsupervised Loss: Total Objective :
® L,,=L K VR

= Lgeg + A Lyn

|

[ DFAM adaptively selects expert priors at each voxel and produces unbiased final predictions
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Avg. Avg. Average Dice of Each Class

Methods ‘ Dice ASD S RE LK Ga Es Li St Ao IVC PSV Pa RAG LAG

V-Net (fully) | 62.09+1.2 10.28 139 | 84.6 772 738 733 382 946 684 721 712 582 485 17.9 29.0

UA-MT [41] 20.26+22 71.67+74 482 317 222 0.0 0.0 81.2 291 233 275 0.0 0.0 0.0 0.0

URPC [23] 25.68+5.1 7274155 66.7 382 568 0.0 0.0 853 339 331 14.8 0.0 5.1 0.0 0.0

CPS [8] 33.55+37 41.2149. 628 552 454 359 0.0 91.1 313 419 492 8.8 14.5 0.0 0.0

= SS-Net [38] 35.08+28 50.81+L65 627 679 609 343 0.0 899 209 617 448 0.0 8.7 4.2 0.0
E Co-BioNet [25] 58.83x27 7.50+53 828  90.0 86.5 11.6 195 923 477 715 717 513 303 47.5 502
@] BCP[1] 50.23+15 18.45+23 724 581 527 382 125 923 356 489 452 18.7 221 8.4 52
MagicNet [5] 60.57+25 22.48+63 825 91.0 895 11.2 0.0 804 627 776 790 66.1 47.3 36.8 543

ABD [9] 55.67+12 1532418 768 643 589 425 189 937 412 554 516 243 28.7 14.6 11.8

B-FFT [14] 59.12409 12,1841 812 705 654 487 253 | 951 478 621 58.3 30.9 35.2 21.5 18.4

Adsh [12] 35.29+05 39.61+46 55.1 59.6 458 522 0.0 89.4 328 476 530 8.9 14.4 0.0 0.0

CReST [34] 3833434 22.85+90 62.1 647 538 438 8.1 859 272 544 477 14.4 13.0 18.7 4.6

o SimiS [6] 40.07 +0.6 32.98+05 623 694 507 614 0.0 870 330 590 572 292 11.8 0.0 0.0
E Basak et al. [3] 33.24 406 43.78425 574 538 485 469 0.0 87.8 287 423 454 6.3 15.0 0.0 0.0
E CLD [21] 41.07+12 3215433 620 660 593 6L5 0.0 89.0 31.7 628 494 28.6 18.5 0.0 5.0
= DHC [32] 48.61+09 10.71+26 628 695 592 | 66.0 132 852 369 679 615 37.0 30.9 31.4 10.6
- A&D [33] 60.88+0.7 2.524+04 852 669 670 527 | 629 896 521 83.0 749 418 434 44.8 272
GA [26] 68.43+0.5 3.11+02 814 924 908 335 533 89.1 609  79.1 82.1 66.7 48.7 50.3 61.4

SKCDF [43] 64.27+14 1.45+0.1 79.5 72.1 676 59.8 607 933 61.7 | 854 785 41.8 50.9 46.4 37.8

DCA (Ours) 73.20-+t03 1.78+0.4 829 928 914 640 614 925 672 839 827 68.1 522 51.8 63.7

Tab. 1 Quantitative results on 20% labeled Synapse dataset. ‘General’

The top-3 results are highlighted as first, second, and third.
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Fig. 5 Qualitative comparison between our method and the SOTA methods on 20% labeled Synapse dataset.

or ‘Imbalance’ indicate whether the methods consider class-imbalance issue or not.

[ Qualitative results show fewer under-segmentation errors and clearer small-organ boundaries.
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Avg. Avg. Average Dice of Each Class
Dice ASD Sp RK LK Ga Es Li St Ao wc Pa RAG LAG Du Bl P/U

V-Net (fully) | 76.50 201 | 922 922 933 655 703 953 824 914 850 749 58.6 58.1 656 644 583

Methods ‘

UA-MT [41] 42.16 1548 | 598 649 64.0 353 341 717 378  61.0 460 333 269 123 181 297  3l6

URPC [23] 4493 2744 | 670 642 672 361 0.0 831 455 674 544 467 0.0 294 352 445 332

CPS [8] 41.08  20.37 56.1 603 594 333 254 738 324 657 5211 3l 255 6.2 184 407 358

= 58-Net [38] 3388 5472 | 654 683 699 378 0.0 751 332  68.0 566 335 0.0 0.0 0.0 0.2 0.2
§ Co-BioNet [25] | 4832 2604 | 766 821 751 415 382 879 404 752 537 408 4.8 0.0 251 642 192
< BCP[1] 45.67 2812 | 623  66.1 625 348 187 794 382 643 491 356 224 15.2 228 351 329
MagicNet [5] 5408  29.03 80.0 845 861 479 0.0 851 507 817 693 572 460 0.0 408 629 192

ABD [9] 5023 2245 687 704 682 395 253 842 421 69.8 547 412 28.6 218 294 423 387

B-FFT [14] 54.89 1876 | 742 758 73.6 452 321 889 487 754 603 478 352 289 367 495 451

Adsh [12] 4033 2453 560 636 573 347 257 739 307 657 519 271 202 0.0 186 435 359

CReST [34] 46.55 1462 | 665 642 654 360 322 778 436 685 529 403 24.7 19.5 265 439 364

o Simi$ [6] 47.27 11.51 774 725 687 321 147 86,6 463 746 542 416 244 17.9 219 479 282
§ Basak et al. (3] 3874 3176 | 688 590 542 290 0.0 837 393 617 521 346 0.0 0.0 268 457 262
E CLD [21] 46.10 1586 | 672 685 714 410 210 761 424 698 521 379 247 234 227 38.1 352
£ DHC [32] 49.53 1389 | 681 696 711 423 370 768 438 708 574 432 27.0 28.7 291 414 367
- A&D [33] 50.03 5.21 731 760 765 291 449  B25 490 728 617 485 302 19.7 364 329 182
GA [20] 63.51 4.58 789 855 872 500 491 869 562 834 703 574 491 40.8 383  T16 479

SKCDF [43] | 53.81 5.97 771 779 712 341 504 886 516 809 589 488 33.0 30.2 322 459 204

DCA (Ours) 69.90 2.66 873 878 906 596 63.6 913 664 87.0 767 640 558 485 461 727 511

Tab. 2 Quantitative results on 5% labeled AMOS dataset. ‘General” or ‘Imbalance’ indicate whether the methods consider class-imbalance issue or not.
The top-3 results are highlighted as first, second, and third.

I'ig. 6 The t-SNE visualizations of feature representation extracted from SOTA methods and our method on 5% labeled AMOS dataset.
*Sp, “ RK,® LK, Ga, Es, ®Li, St ® Ao, ®IVC,* Pa, ® RAG, ® LAG, ® Du, ® Bland P/U.

t-SNE shows more compact intra-class clusters and clearer inter-class separation.




CUPR 2%

DENVER

Ablations — Main Components + Split Strategy Bias 38 COLORADO
: Avg. Avg. Average Dice of Each Class
Baseline  3Experts LGA DFAM | p, ASD Sp RK LK Ga Es Li St Ao IVC PSV PA RAG LAG
v 4792445 3052424 | 664 743 732 513 0 741 538 672 662 546 418 0 0
v v 5538425 1530421 | 625 700 689 483 463 698 507 633 624 514 394 391 480
v v v 69.89+16 137205 | 789 883 870 609 584 880 640 799 787 648 497 493  60.6
v v v v | 7320203 178401 | 829 928 914 640 614 925 672 839 827 681 522 518 637

Tab. 3 Ablation study for the effectiveness of each component on 20% labeled Synapse dataset. 3 Experts: Three asymmetric expert decoders, LGA: Logarithmic Gap Analysis.

Method Avg. Avg. Average Dice of Each Class

cthods Dice ASD Li St Sp LK RK Ao BI Pa IVC Du P/U Ga Es LAG RAG
1 Avg. 67.79 3.81 88.6 65.1 83.8 89.7 83.4 85.3 70.5 61.4 75.1 43.8 49.1 58.4 61.7 48.0 53.0
= Fixed Th. 69.90 2.66 91.3 66.4 87.3 90.6 87.8 87.0 727 64.0 76.7 46.1 51.1 59.6 63.6 48.5 55.8
n LGA 69.90 2.66 91.3 66.4 87.3 90.6 87.8 87.0 727 64.0 76.7 46.1 51.1 59.6 63.6 48.5 55.8
A Avg. 55.53 6.77 74.9 53.0 65.7 69.4 64.9 69.0 563 55.2 62.0 41.7 2.0 45.0 442 433 46.4
w® Fixed Th. 57.93 5.05 79.8 542 69.3 70.8 70.7 69.7 504 55.2 65.3 42.6 434 48.0 48.1 457 46.8
a LGA 59.88 3.97 81.4 57.0 72.2 73.0 72.1 73.4 61.9 56.9 66.7 44.4 43.8 50.5 49.1 47.1 48.8

Tab. 4 Ablation of different split strategies on 5% and 2% labeled AMOS dataset. Organs are highlighted by their partitioned category: Head, Medium, and Tail.

LGA is parameter-free and more stable than uniform or fixed-threshold division.




Ablations— Expert Decoder + DFAM Design CVPR 7 DENES

Setting Decoder | {DeB-6, DeB-7, DeB-8, DeB-9} | Avg. Dice Avg. ASD 90 1 i —eo— Ours (D) =—m= V1 (D.M) e V2 (Dr)
| n stages Dilation | : =g Ours (Dy) —te= V1 (Dy) o= V3 (Dy)
80 - i —— Ours (Dy) —e— V2 (Dy) —=— V3 (Dw)
Dy {3,3,2,1} {1111} i —e— V1 (Dy) —a— V2(Dy) —&— V3 (Dy)
Vi Dy {3,3,2, 1} (1,1,1,1} 60.25 454 70 4 ! (
Dy {3,3,2. 1} {1,111} — i i
o 1 1
Du | {2,2,1,1} {1,1,1,1} 60 | i
V2 Dy {3,3,2,1} {1,1,1,1} 67.33 3.08 ks i i
Dy | {4,4,3,2} (1,1,1,1} Q 50 - i i
Dy {3,3,2, 1} {2,2,2,2} 40 - i |
V3 Dy {3,3,2,1} (1,1,1,1} 64.96 452 : i
Dr {3,3,2, 1} (1,1,1,1} 30 - : :
1 1
Du {2,2,1,1} {2,2,2,2} Head | Medium \ Tail
Ours D {3, 3.2, l} {], 1,1, ]} 69.90 2.66 20 T —— T T T T T T T T —— T T
Dy {4,4,3,2} {1,1,1,1} Li St Sp LK RK Ao BI Pa IVC Du P/U Ga Es LAG RAG
Class
Tab. 5 Ablation study on expert decoder parameters on the 5% labeled AMOS dataset. Fig. 7 Performance of parameter-varied H/M/T decoders on their respective
categories on the 5% labeled AMOS dataset.
[ Asymmetric expert design gives the best Avg. Dice and ASD. ] Deeper tail decoder improves small-organ detail extraction.
Dilated head decoder improves large-organ context modeling.
Dice=73.20 Dice=71.77 Dice=70.43
GT Ours Average Concat+Conv
Iig. 8 Fused feature maps of different expert feature fusion strategies on the 20% labeled
\ . Synapse dataset. The feature maps are visualized from the final decoder stage (DeB-9).

[ DFAM activates both head-class and tail-class regions better than average or concat fusion. ]
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DCA tackles class-imbalanced SSMIS by replacing one overloaded decoder with
specialized experts and adaptive aggregation.

€ DCA significantly improves class-imbalanced SSMIS by reducing majority-class dominance.
@ Expert specialization enables more balanced learning across large, medium, and tail organs.
€ Dynamic aggregation effectively integrates complementary expert priors for robust final prediction.

@ DCA achieves superior performance on Synapse and AMOS, especially improving tail-class organs.
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Thanks for your attention!
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