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The goal of image semantic segmentation is to classify each pixel of an input 1 = ‘_x

image as to whether or not it is part of a Region Of Interest (ROI) or background. ViT viT s T i
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We present practical avenues for training a Computationally-Efficient Semi- . Encoder  Decoder ! Quality

Supervised Vision Transformer (ViT) for medical image segmentation task. paEe with e TCHGRT
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Propose a dual-view co-training semi-supervised learning framework for ViT
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Algorithm Quantitative Results
Table 1: Direct Comparison of Semi-supervised Frameworks on MRI Cardiac Test Set
Framework mDicel _mIOUT _ Accl _ Prel _ Sen] _ Spel HD, _ ASD]

1. Two segmentation ViTs with the same architecture are initialized separately to MR+ ViT 08384 07359 09939 08362 08415 09716 | 23.7689 22801
. . PPN T : - DANI[ED]+VIiT 0.8232 0.7165 09932  0.8243 0.8222 0.9686 | 23.5824 2.8411
train on unlabeled samples. The third is initialized as an adversarial evaluation model CTEN«VIT | 08663 07748 09048 08607 08722 09778 | 225653 22404
ADVENT[ER|+ViT 0.8654 0.7733 0.9949  0.8689 0.8625 0.9743 | 20.4493  1.9022
. .. UAMT(E3)] +ViT[@] 0.8542 0.7575 09945 0.8523 0.8575 0.9752 | 23.6615 22159
2. The mixup of two unlabeled samples are used as labels for training of two DON(ED]+ViT | 0.8728 07844 09950 08770 0.8690 09738 | 223759  1.9762
individual unlabeled samples, and then the result is sent to evaluation model, to CAAViTous) [ 08824 07984 09954 08887 08765 09748 | 189200 17587
. . 10U under Diffe 1t Ratio of Labeled Data/Total Dat:
optimize the loss between unlabeled data and labeled data. AT S e e
L= Esup] =+ ﬁsup?. T ll ﬁscmil = A2£scmi2
3. The training objective is to minimize the sum of supervision loss and semi-
P supervision loss of the two ViTs
The supervision loss is based on Dice and Cross-Entropy
Lgupt = CE(Yy, fvir (X130)) + Dice(Yy, fvir (X3 6))
The training ot evaluation model Is based on two BCE losses
Lupz = BCE(fonn (fvir (Xi; Ovir ), X1; 0cn ) 1) +BCE( fonn (fvir (Xu: Ovir ), Xus Ocvw),0)

The tralning or two segmentation modadels IS based on Lross-tntropy
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Lsemit = CE(fyir (Mix; (Xu1.X,2): ), frir (X1:0), Mix; (fvir (Xu138), frir (X,2:8))) The Reflo of e o sl ke (g arhnde e
The upudte LI evdIUAULIT ITIVUET IS DASEU VI LTUSS-ENUUPY
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Lsemit = CE(fvir (Mix; (Xu1,X.2):0), fvir (X130),Mixy (fyir (Xi1:0), fvir (X.2:0))) inprove
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4. The weight for semi-supervision loss is updated every 150 iterations, also using a e e e Wt S0 adatstion n semanti segmentaton poceings o he
ramp-up function AT e oo ot o ety amere s neembims moel for 30 let atrium * International Conference

5. The ViT with the best performance on the validation set is used for the final Qine, e, ot a1, “Deep coAraining for semisupervised mage recogniton.® Proceedings of the European canference on computer
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