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1. More Comparison with Existing Methods. To better
demonstrate the effectiveness and robustness of our method,
we compare our method with several state-of-the-art meth-
ods on different proportions of labeled data. As show in
Tabs. 1 to 3, we can observe that our method achieves
the best result in terms of average Dice at 10% labeled
Synapse dataset, 40% labeled Synapse dataset and 2% la-
beled AMOS dataset. At 10% labeled AMOS dataset, as
show in Tab. 4, our method still achieves the second best
result on average Dice and average ASD. It is worth not-
ing that methods such as GnericSSL [9] and DHC [8] can
only achieve better results under some of these experiments,
while our method has good performance under almost all
experiments, which proves that our method has better sta-
bility and robustness.

2. The Effectiveness of Semantic Knowledge Comple-
mentarity Module. We introduce channel-wise cross-
attention to achieve semantic knowledge complementarity,
which raises the question of whether it is only the introduc-
tion of attention that leads to the performance improvement.
In order to dispel this doubt, as shown in the Tab. 6, we in-
troduce cross-attention and self-attention respectively into
the model, and carry out comparative experiments. We can
see that after the introduction of self-attention, the effect
of the model even decreased compared to baseline, while
our method show steady improvement on almost all organs,
which proves the effectiveness of our semantic knowledge
complementarity module.

3. Architecture Analysis of Semantic Knowledge Com-
plementarity Module. As shown in Fig. |, we design
different architectures for the semantic knowledge comple-
mentarity module, the corresponding results are in Tab. 5.
We can observe that when we adopt the structure of (a), (b)
and (c), the performance of the model improves to varying
degrees. However, when we adopt the structure of (d) and
(e), the performance of the model decreases. This may be
because, in the structure of (d), the model first adopts the
global channel-wise cross-attention, destroying the precise
local information of the data, and in the structure of (e), the
local information and the global information do not blend

well together. Our final structure enables labeled and un-
labeled data to learn precise local information from each
other first, and then global information, which results in an
average Dice of 61.59% for the model.

4. The Motivation of Data Flow Decoupling Framework.
As shown in Fig. 2, we visualize the feature maps of both
the encoder and the decoder, respectively. It is observable
that the encoder’s features are primarily utilized for learn-
ing the texture of the image and distinguishing between the
foreground and background of the image, with these fea-
tures exhibiting clear distinctions from the labels. In con-
trast, the features extracted by the decoder possess more
intricate detail, which demonstrates that, compared to the
encoder, inaccurate labels exert a more pronounced nega-
tive effect on the decoder.

5. More Visualizations. More visualizations are shown
in Fig. 3. From more visualization results, we can ob-
serve that our method exhibits superior segmentation per-
formance, particularly on small organs. Furthermore, com-
pared to other methods, our segmentation results are more
stable and robust.
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Method Avg. Avg. Dice of Each Class
Dice ASD Sp RK LK Ga Es Li St Ao IVC PSV Pa RAG LAG
‘ VNet (fully) ‘ 62.09+1.2 10.28+3.9 ‘ 84.6 772 738 733 382 946 684 721 712 582 485 179 29.0
UA-MTJ[13] 180712 5764+18 |27.1 7.1 170 244 00 806 156 393 167 44 27 0.0 0.0
_ URPC[7] 2637+15 5395+113 | 517 351 264 73 00 838 213 690 410 19 52 0.0 0.0
g CPS[4] 219612 5542+46 | 379 318 190 319 00 651 155 448 296 43 55 0.0 0.0
8 SS-Net[12] 175+£3.0 66.17+8.0 | 456 116 423 24 00 745 60 326 28 00 00 3.8 5.8
© DST([2] 209159 6133+183 | 433 328 160 249 00 758 224 276 194 38 54 0.3 0.0
DePL[10] 21.01+33 5842+63 | 342 322 173 272 00 657 168 408 293 28 6.8 0.0 0.0
Adsh[5] 228+09  46.18+40 | 36.0 357 200 310 0.0 747 183 323 278 11.7 173 1.7 0.0
CReST[11] 265629 36.17+1.0 | 373 465 252 271 1.7 663 142 452 358 112 6.8 242 38
3 SimiS[3] 2505+3.1 4393+24 | 420 386 272 197 00 742 165 517 350 13.6 54 0.0 1.8
§ Basaketal.[l1] | 253+22 50.02+57 | 409 423 192 352 00 757 192 447 328 50 104 35 0.0
S CLDI[6] 2249+1.6 49.74+41 | 393 439 256 128 00 733 143 41.1 257 88 6.1 0.2 1.1
£ DHCIS] 31.64+09 21.82+1.0 | 451 474 331 366 7.1 714 17.8 589 344 165 93 21.8 120
GenericSSL[9] | 46.24+0.8 7.78+2.13 | 79.0 67.0 584 257 120 863 303 77.8 655 182 142 422 244
Ours 4845+0.6 7.87+347 | 735 667 642 244 272 90.0 303 79.0 685 337 181 373 17.1

Table 1. Quantitative comparison between our approach and SSL segmentation methods on 10% labeled Synapse dataset. ’General’ or
’Imbalance’ indicates whether the methods consider the class imbalance issue or not. Sp: spleen, RK: right kidney, LK: left kidney, Ga:
gallbladder, Es: esophagus, Li: liver, St: stomach, Ao: aorta, IVC: inferior vena cava, PSV: portal & splenic veins, Pa: pancreas, RAG:
right adrenal gland, LAG: left adrenal gland. Results of 3-times repeated experiments are reported in the *mean+std’ format. Best results
are boldfaced, and 2nd best results are underlined.

Method Avg. Avg. Dice of Each Class
Dice ASD Sp RK LK Ga Es Li St Ao IVC PSV Pa RAG LAG
\ VNet (fully) \ 62.09 £ 1.2 10.28 £3.9 \ 84.6 772 738 733 382 946 684 721 712 582 485 179 290
UA-MT[13] 17.09+297 91.86+793 | 42 578 322 00 00 910 370 00 00 00 00 0.0 0.0
_ URPC[7] 2483+8.19 7444+17.01 | 426 448 514 00 00 8.7 378 258 270 00 6.6 0.0 0.0
g CPS[4] 33.07+1.07 6046+225 | 684 727 642 00 00 919 421 662 223 00 22 00 0.0
5 SS-Net[12] 3298 £10.99 71.18+20.77 | 49.0 689 714 229 00 920 347 517 381 00 00 00 0.0
© DSTI[2] 3557+1.54 5569+143 | 738 732 642 00 00 921 413 718 407 00 52 00 0.0
DePL[10] 36.16£2.08 56.14+7.61 | 727 724 644 133 00 917 428 638 470 00 19 0.0 0.0
Adsh[5] 3591+6.17 537+£695 | 668 725 644 191 00 91.8 438 620 398 00 65 0.0 0.0
CReST[11] 41.6 £2.49 27.82+5.07 | 53.8 69.5 58.1 353 17.7 850 36.0 603 452 215 242 233 108
3 SimiS[3] 47.09+233 3346+1.75 | 754 669 690 626 00 816 531 804 562 299 371 0.0 0.0
& | Basaketal[l] | 35.03£3.68 60.69+657 | 69.1 728 675 00 00 916 450 622 391 00 80 00 0.0
3 CLDI[6] 4823+1.02 2879+3.64 | 783 73.1 738 570 00 876 51.7 828 505 380 31.8 IS5 0.8
| DHC[8] 57.13£0.8 11.66 27 | 825 728 735 698 107 719 412 837 66.1 538 474 368 327
GenericSSL[9] | 61.63 +1.49 3.14+1.11 | 750 69.1 657 528 660 889 533 8l.6 744 482 505 469 287
Ours 68.01 + 1.14 2.3+1.61 80.1 745 69.7 580 68.0 941 598 86.7 81.8 582 610 47.0 452

Table 2. Quantitative comparison between our approach and SSL segmentation methods on 40% labeled Synapse dataset. *General’ or
’Imbalance’ indicates whether the methods consider the class imbalance issue or not. Sp: spleen, RK: right kidney, LK: left kidney, Ga:
gallbladder, Es: esophagus, Li: liver, St: stomach, Ao: aorta, IVC: inferior vena cava, PSV: portal & splenic veins, Pa: pancreas, RAG:
right adrenal gland, LAG: left adrenal gland. Results of 3-times repeated experiments are reported in the 'mean+std’ format. Best results
are boldfaced, and 2nd best results are underlined.
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Method Avg.  Avg. Dice of Each Class
Dice ASD | Sp RK LK Ga Es Li St Ao IVC Pa RAG LAG Du Bl P/U
‘ VNet (fully) ‘ 76.50 2.01 ‘ 922 922 933 655 703 953 824 914 850 749 586 581 656 644 583
UA-MT[13] | 3396 2243|625 61.7 598 175 138 734 394 346 324 265 121 65 153 324 217
_ URPC[7] 38.39 3758 | 60.8 57.7 565 346 00 784 414 533 496 404 0.0 0.0 30.1 425 30.6
£ CPS[4] 31.78 3923 | 559 469 531 277 00 664 252 418 452 294 0.1 00 221 387 242
g SS-Net[12] 17.47 59.05 | 37.7 20.1 263 9.0 33 571 251 284 282 00 0.0 00 00 265 02
© DSTI[2] 3194 39.15 | 509 524 569 246 00 594 315 418 431 262 0.0 0.0 238 42,6 259
DePL[10] 31.56  40.70 | 57.1 493 543 266 0.1 692 262 41.1 467 239 0.0 00 167 403 21.8
Adsh[5] 30.30 4248 | 539 451 512 285 00 621 27.0 414 427 250 00 0.0 203 358 216
CReST[11] 3413 20.15 | 579 515 49.1 227 132 662 344 394 404 246 172 102 244 365 244
3 SimiS[3] 36.89 26.16 | 57.8 586 586 229 00 709 380 520 470 324 202 115 181 399 255
& | Basaketal[l] | 29.87 3555|507 477 441 211 00 618 277 381 404 218 9.6 95 146 365 245
3 CLD[6] 3623 27.63 | 552 558 59.1 239 00 699 382 501 445 323 189 92 188 422 249
E DHC[8] 3828 2034 | 62.1 595 57.8 250 205 660 382 513 479 268 254 7.0 178 432 248
GenericSSL[9] | 34.56 21.05 | 44.1 55.0 493 225 188 57.0 369 441 472 337 161 121 325 296 194
Ours 41.80 16.52 | 620 655 598 269 259 704 385 590 51.6 367 271 154 237 41.1 234

Table 3. Quantitative comparison between our approach and SSL segmentation methods on 2% labeled AMOS dataset. Sp: spleen, RK:
right kidney, LK: left kidney, Ga: gallbladder, Es: esophagus, Li: liver, St: stomach, Ao: aorta, IVC: inferior vena cava, Pa: pancreas,
RAG: right adrenal gland, LAG: left adrenal gland, Du: duodenum, Bl: bladder, P/U: prostate/uterus.

Method Avg.  Avg. Dice of Each Class
Dice ASD | Sp RK LK Ga Es Li St Ao IVC Pa RAG LAG Du Bl P/U
\ VNet (fully) \ 76.50 2.01 \ 922 922 933 655 703 953 824 914 850 749 586 581 656 644 583
UA-MT[13] | 40.60 3845|610 754 588 0.1 00 844 452 728 616 362 0.0 0.0 30.7 465 363
_ URPC[7] 49.09 29.69 | 81.7 775 772 381 00 877 579 750 627 521 0.0 0.0 359 488 417
g CPS[4] 5451 7.84 | 80.7 798 743 352 444 905 S51.1 761 656 486 31.6 21.8 33.6 470 373
8 SS-Net[12] 3891 5343 | 734 734 722 424 00 835 467 741 696 00 00 00 00 483 02
© DST[2] 5224 17.66 | 81.7 802 786 395 41.0 898 528 785 659 51.1 43 0.1 342 488 372
DePL[10] 5676 6.70 | 81.9 80.6 795 41.0 426 893 576 79.1 660 532 346 21.8 349 484 409
Adsh[5] 5492 8.07 | 8l.6 785 766 40.1 434 90.1 53.0 767 644 483 259 242 347 487 37.7
CReST[11] 60.74 4.65 | 853 845 84.0 432 50.8 899 587 847 730 542 418 31.6 41.0 528 358
3 SimiS[3] 5748 446 | 831 809 80.0 39.6 459 90.0 57.1 780 663 54.1 358 269 399 493 354
& | Basaketal[l] | 53.66 850 | 803 782 79.0 363 403 886 532 768 656 468 239 161 314 497 386
3 CLD[6] 61.55 421 | 8.0 853 848 445 519 908 59.7 837 731 557 402 372 414 530 36.1
E DHC[8] 64.16 351 | 874 86.6 87.1 458 57.0 89.8 0647 860 75.0 625 398 368 440 565 43.6
GenericSSL[9] | 60.28 3.11 | 79.8 844 857 39.6 558 863 612 80.0 702 60.6 39.8 404 48.0 406 319
Ours 63.58 3.36 | 87.5 862 873 471 548 919 649 861 748 592 427 402 431 492 386

Table 4. Quantitative comparison between our approach and SSL segmentation methods on 10% labeled AMOS dataset. Sp: spleen,
RK: right kidney, LK: left kidney, Ga: gallbladder, Es: esophagus, Li: liver, St: stomach, Ao: aorta, IVC: inferior vena cava, Pa: pancreas,
RAG: right adrenal gland, LAG: left adrenal gland, Du: duodenum, Bl: bladder, P/U: prostate/uterus.
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Method Avg.  Avg. Dice of Each Class
Dice ASD | Sp RK LK Ga Es Li St Ao IVC PSV Pa RAG LAG
Baseline | 58.68 11.55 | 79.0 714 69.2 526 00 86.1 67.6 838 805 428 508 46.8 32.0
SA 5822 1144 | 80.5 66.7 615 542 00 928 594 845 79.1 503 408 50.7 36.6
CA 59.39 11.20 | 80.5 729 70.2 40.1 0.0 926 652 849 777 477 534 473 393

Table 6. Quantitative comparison between channel-wise cross-attention and channel-wise self-attention on 20% labeled Synapse dataset.

SA: channel-wise self-attention, CA: channel-wise cross-attention.
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Figure 1. Ablation study on different channel-wise cross-attention architectures. (a) is the final architecture.

Features of Encoder

Features of Decoder

Figure 2. The visualization of feature maps. On the left are the features of the encoder, and on the right are the features of the decoder.

Feature maps at the same location have the same channel index.
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Ground Truth Ours GenericSSL SimiS SS-Net

Figure 3. Visual comparison on the 20% labeled Synapse dataset: M spleen, M right kidney, M left kidney, B gallbladder, M esophagus,
liver, @ stomach, M aorta, M inferior vena cava, M protal & splenic veins, Bl pancreas, ™ right adrenal gland, and  left adrenal gland.



