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Inspired by MaxQuery and KMaX-Deeplab, we
introduce a novel Dual-KMax UX-Net
(DKUXNet) for semi-supervised medical image
segmentation. In our work, we leverage these
strengths by adopting the general design of
3D UX-Net and kMax-decoder as our
backbone meta-architecture.

Main contributions:
(1) Our model divides images into 3 categories:
background, organ, and tumor and updates
the distance of the cluster center. I ts
performance is similar to SOTA fully supervised
models, only utilizing 20% training data.
(2) We utilizes the consistency loss of query
distribution and segmentation outputs to
enhance image consistency.

Introduction

Methods

Fig 1. Overall workflow of our model. Our proposed 
dual KMax-based contrastive learning strategy

Fig 2. Decoder structure contains a pixel decoder, a 
transformer decoder and post-process modules.

Results

The ConvNeXt backbone includes transformer
encoders to enhance the pixel features, and
upsampling layers to generate higher-
resolution features. We use four 3D UX-Net
blocks and four Downsampling blocks as the
depth-wise convolution encoder.

To evaluate the proposed method, we apply our
algorithm on Left Atrial (LA) dataset from the 2018
Atrial Segmentation Challenge. We use 80 scans for
training and 20 scans for validation. All scans are
centered at the heart region cropped accordingly,
and then normalized to zero mean and unit
variance.

In this work, we report the performance of all
methods trained with 5%/10%/20% labeled images.
The raw LA training data for each case are randomly
cropped to 112*112*80 voxels . Results are
evaluated on four metrics: Dice, Jaccard Index, 95%
Hausdorff Distance (95HD), and Average Surface
Distance (ASD). To ensure a fair comparison, we
perform all experiments on the same machine and
report the mean results from the final iteration.

Experiments

Table 2. Comparison with SOTA methods on LA dataset.

We compared DKUXNet with other baselines
on LA. Our framework shows optimal
performance in most metrics. Specifically, with
only 5% labeled data, DKUXNet achieved
85.96% of the dice score. DKUXNet also
achieved a 90.41% dice score with only 10%
labeled data. When the labeled data volume
increased to 20%, the results obtained by this
model were comparable to those of V-Net
trained in 100% labeled data, and compared to
the 90.98% score of the upper bound model,
Dice scored 91.70%.

The multi-scale outputs from each stage in the
encoder are connected to a ConvNet-based
decoder via skip connections. Specifically, we
extract the outputs for stage i (i = 1, 2, 3) in the
encoder and further deliver the outputs into
kMax decoder block for cluster center
information learning.

We conducted ablation experiments to verify
the effectiveness of the key components in our
proposed model. To investigate the individual
impact of different tasks, we first only use
labeled images for training and analyze how the
dual-task consistency performs when only
labeled images are used. As shown in Table 2,
dual-contrastive loss substantially improves
segmentation performance when labeled data is
limited.

Fig 4. 3D Visualization of different ablation studies for LA 
segmentation. GT: ground truth. 

Fig 3. ConNeXt blocks with kMaX decoders

Table 1. Ablation Studies

Our key idea is that cluster assignment should
be considered for semi-supervised learning.
However, the performance of the proposed
method is not as outstanding at 5% labeled
setting, we should further develop novel
consistency loss for information transfer
between unlabeled data and label data and test
on more complicated segmentation datasets.

Loss: 

Cluster Center Update:


