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Abstract. Semi-supervised learning for medical image segmentation,
particularly within the prevalent Teacher-Student architecture, is fre-
quently hindered by recursive error accumulation and the inherent rigid-
ity of hard-threshold pseudo-labeling. These limitations lead to three
critical bottlenecks: semantic-geometric misalignment, chronic confirma-
tion bias, and significant loss of boundary information. To address these,
we propose CSGE, a novel paradigm shifting from pseudo-label filter-
ing to collaborative semantic-geometric refinement. CSGE synergisti-
cally leverages multimodal medical knowledge and geometric priors. By
exploiting semantic cues from the textual modality, BiomedCLIP pro-
vides robust semantic anchoring, while SAM serves as a geometric re-
finement expert. We introduce a Conflict-aware Iterative Co-evolution
module that detects discrepancies via XOR operations to drive itera-
tive pseudo-label refinement. Furthermore, we replace hard thresholds
with a spatial trust-aware soft-weighted consistency loss to maintain
gradient flow within uncertain regions. Evaluated across three modal-
ities (1%-30% labels), CSGE outperforms state-of-the-art methods, no-
tably achieving a 4.9% average Dice improvement under the extreme 1%
setting to demonstrate its robustness. Our code is available at https:
//github.com/yufei050201/CSGE!

Keywords: Semi-supervised Learning - Medical Image Segmentation -
Multi-expert Collaboration.

1 Introduction

Medical image segmentation (MIS) is a key technology in modern clinical work-
flows, offering important quantitative support for disease diagnosis and treat-
ment planning. However, its development has long been limited by high an-
notation costs and inevitable label noise. Semi-supervised learning (SSL) alle-
viates the scarcity of labeled data via large unlabeled datasets [273]. Exist-
ing SSL paradigms, particularly the Teacher-Student architecture [I8], rely on
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Fig.1: Comparison of semi-supervised MIS paradigms. A-B reveal bottlenecks
in traditional paradigms; C showcases our model’s targeted improvements.

confidence-based pseudo-label filtering mechanisms [13]. Though functional, this
strategy assumes a single model can simultaneously achieve reliable semantic lo-
calization and accurate geometric delineation, an assumption unfeasible in com-
plex clinical scenarios, thus limiting the improvement of pseudo-label quality.

This traditional paradigm faces three core bottlenecks limiting perfor-
mance enhancement. First, the inherent semantic-geometric misalignment, termed
the "Scissors Gap"; CNNs and Transformers capture semantic information via
large receptive fields [I6J/I9I6], but their boundary localization is often impaired
by downsampling and resolution constraints [I0], causing high internal lesion
confidence but low edge confidence and thus "shrinking" or blurred pseudo-
labels. Second, SSL’s recursive mechanism tends to induce confirmation bias [20]
(Fig. [ A)): in the classic Mean Teacher framework [I8], the teacher’s erroneous
high-confidence predictions are transferred to the student and reinforced via
EMA. Third, hard-threshold filtering causes information loss (Fig. [[{B)): meth-
ods like Polite Teacher and SSDT discard pixels with slightly sub-threshold con-
fidence [13], yet key boundary details often lie in these uncertain regions [22123],
hindering fine-grained topological learning.

Despite these bottlenecks, foundation models like Biomed CLIP [25] and SAM
[11] offer transformative opportunities to transcend traditional SSL limitations.
While pioneering efforts like SemiSAM [26] and MedCLIP-SAMv2 [12] demon-
strate potential in low-annotation scenarios, they often lack a dynamic semantic-
geometric synergy, leaving issues like confirmation bias and boundary informa-
tion loss unresolved. To bridge this gap, we propose CSGE (Fig. C))7 a novel
paradigm that shifts from passive pseudo-label filtering to active collaborative
refinement. Our main contributions are summarized as follows.

1. We introduce CSGE, a teacher-student evolution framework that synergizes
semantic and geometric experts. It addresses the semantic-geometric mis-
alignment bottleneck by re-framing segmentation as a multi-stage collabora-
tive process of global localization, local refinement, and boundary alignment.
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2. We introduce the Conflict-aware Iterative Co-evolution module, corrects
boundaries via conflict-aware prompt resampling, and mitigates confirma-
tion bias through iterative geometric feedback.

3. We introduce a Spatial Trust Awareness optimization that abandons hard
thresholds to preserve gradient flow in uncertain areas, guiding the network
to optimal boundaries while enhancing noise robustness.

2 Methodology

2.1 Overview of CSGE

The architecture of our CSGE framework (Fig. [2)) synergizes domain-specific
semantic anchoring with universal geometric refinement to transcend the limi-
tations of internal knowledge distillation. In this paradigm, the student network
performs end-to-end learning while the teacher provides initial pseudo-labels
via EMA updates. To rectify the inherent semantic-geometric misalignment, we
employ BiomedCLIP to provide robust category-level guidance, filtering back-
ground noise that often misleads traditional teachers and integrate SAM to refine
boundaries through iterative prompt sampling, compensating for Biomed CLIP’s
lack of fine-grained structural awareness. Finally, a spatially-aware soft weighting
strategy constructs a dynamic weight map W (z,y), bridging the gap between
heterogeneous expert outputs by fusing global consistency with local boundary
enhancement to adaptively optimize student training.

(a) Teacher-Student Consistency Learning (Sec. 2.2) {i(c) Spatial Trust Optimization (Sec. 2.4)
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Fig. 2: Schematic diagram of the CSGE framework.
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The framework comprises three progressive and collaborative core stages: (1)
Teacher-Student Consistency Learning; (2) Collaborative Semantic-Geometric
Experts; (3) Spatial Trust Optimization. These stages enable the evolution of
pseudo-labels from simple filtering to high-quality generation.

2.2 Teacher-Student Consistency Learning

Let D; = {(I;,Yi)}}_, be the set of medical images labeled and D, = {I;}}, be
the set without label with M > N, reflecting the scarce medical annotations.
The framework uses a teacher-student architecture, where teacher parameters 6,
are updated by student parameters 6 via EMA. For labeled data (I;,Y;) (I; €
REXWXC "y, ¢ REXWX1) "the supervised loss is the equal-weight combination
of Dice similarity coefficient and Binary Cross-Entropy:

Liava = - Dicelfo, (1), ) + 5 - BOE(fo, (1), Y)), (1

where Py = fg.(I;)2,y € [0, 1] is the student network’s soft prediction probability
at pixel (z,y) for image I;. For unlabeled data I;, L2 consistency loss is used to
constrain the alignment between the student and teacher network outputs, and
the loss expression is:

1
Leon = m\lfas(fj) — fo.(Ij)|3, (2)

where P, = fp,(I;) is the soft prediction result of the teacher network for unla-
beled image I;, and the normalization term 1/(H x W) ensures the loss scale is
independent of image resolution.

2.3 Collaborative Semantic-Geometric Experts

This section designs a pseudo-label refinement strategy combining multi-modal
semantic guidance and SAM geometric refinement; decoupling semantic local-
ization and geometric boundaries improves pseudo-label quality.

Specifically, we use the biomedical vision-language pre-trained model Biomed-
CLIP to serve as a multi-modal semantic alignment expert. Let f; be the im-
age feature embedding of input medical image I; from BiomedCLIP, and fr
the text feature embedding for task-related medical text (e.g., "Chest X-ray").
Their semantic similarity activates relevant regions. To eliminate training over-
head, gScoreCAM [4] maps are pre-computed offline to constrain refinement to
the target ROI. This static macroscopic guidance suffices for consistent anatomy,
while SAM and subsequent iterations handle dynamic refinements.

Within these regions, SAM acts as a geometric expert. Specifically, global
point prompts are generated by thresholding the teacher’s soft prediction P;:
high-confidence pixels are sampled as positive prompts (foreground), and low-
confidence ones as negative prompts (background), yielding the initial geomet-
ric candidate mask M,,,,. To resolve potential discrepancies between semantic
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guidance and geometric perception, we initialize our Conflict-Aware Iterative
Co-Evolution Module by detecting inconsistent regions via an XOR operation
Areagir = I(P;) ® Mgam, where I(+) denotes the binarization indicator function
and @ is the logical XOR. The resulting Areaq;s highlights pixels with conflicting
predictions, isolating the core regions requiring pseudo-label refinement.

To resolve this inconsistency and synergistically fuse semantic and geometric
information, we employ a single-step prompt sampling strategy. Specifically, we
sample key prompts from the conflict regions Areaq;s and feed them back into
SAM for a one-time structural refinement. This targeted update to the geometric
candidate mask effectively breaks the confirmation bias loop, yielding the high-
precision pseudo-label Mgy a).

2.4 Spatial Trust Optimization

To fully utilize valid information of pseudo-labels and suppress interference from
unreliable regions, we design a Spatial Confidence-Aware Optimization to achieve
spatially adaptive weighting in model training.

First, to quantify the reliability of the final pseudo-label Mg,.1, we evaluate
its agreement with the teacher’s soft prediction P;. The global trust weight
is directly derived as w = Sigmoid(Dice(P;, Mgana1)). To accurately extract the
boundary regions for spatially adaptive weighting, we compute the contour mask
FEsam from Mgy, via morphological operations:

Esam = Dilation(Mgpa) — Erosion(Mapa ), (3)

where the dilation and erosion utilize a standard 3x 3 structuring element. Build-
ing upon the global trust weight w, we formulate the spatial trust map W (z,y)
to assign higher optimization weights near these boundaries:

W(ery) = w- exp (_d(y)) , (4)

202

where d(z, y) denotes the Euclidean distance from pixel (z, y) to the nearest pixel
in Egan. A small d prioritizes the fine geometric contours derived from SAM,
while a large d relies on the teacher model’s semantics to maintain regional
consistency. Based on the spatial trust map W (z,y), we formulate a weighted
unsupervised loss:

2
Eunlabel - Z W(.’II, y) ||f93 (I])(l‘, y) - Mﬁnal(xa y) ||2 . (5>

zy
This objective adaptively scales pixel-wise gradients, directing the model’s
focus toward reliable boundary regions while suppressing noise to mitigate error
accumulation. Finally, the training loss balances the supervisory contributions:

Ltotal = Elabel + )\Acunlabel + Lcona (6)

where \ weights the unsupervised loss. Strictly complementary, Lo, aligns global
semantics while Lynlapel refines local boundaries.
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3 Experiments

3.1 Datasets and Implementation Details

Datasets: We evaluated CSGE (using a standard UNet backbone) on three fully
de-identified, IRB-approved public medical datasets, strictly adhering to their
ethical usage guidelines: Shenzhen Chest X-ray [8] (662 radiographs), Kvasir-
SEG [9] (1000 colonoscopy images), and ISIC 2018 [5] (2500 dermoscopic images).
We evaluate using Dice and IoU as they highly sensitize to the macroscopic
overlap degradation caused by SSL bottlenecks, effectively validating CSGE’s
improvements in boundary alignment.

Implementation Details: All experiments were conducted on ten NVIDIA
Tesla V100 GPUs, with labeled data randomly sampled at 1%, 5%, 10%, 20%,
and 30% ratios. Models were trained for 100 epochs using the AdamW optimizer
(Ir = le-4, weight decay = be-5, batch size 8) and an EMA momentum 7 = 0.999.
Final Dice and IoU scores are averaged over three independent runs with distinct
random seeds.

3.2 Main Experimental Results

Comparison Results: Compared with SOTA semi-supervised methods, CSGE
demonstrates two clear advantages (Tab. . Under extremely low annotation ra-
tios, it achieves the largest performance gains across all datasets, for example,
at 1% supervision, CSGE reached 0.915 Dice on Lung (+3.0% over the strongest
competitor), 0.803 on Kvasir (+7.1%), and 0.825 on ISIC (+4.5%), indicating
its semantic—geometric synergy effectively mitigates annotation scarcity. As the
labeled ratio increases, although all methods improve, CSGE consistently main-
tains the best performance across all supervision levels without saturation degra-
dation, which can be attributed to the proposed spatial trust mechanism that
stabilizes boundary learning and preserves structural refinement.
Visualization Analysis: We visualize pseudo-label evolution in Fig. [3] to an-
alyze model behavior. SAM refines coarse initial boundaries, while conflict-
driven optimization further enhances mask integrity and smoothness. Compared
with other methods (the last three columns of Fig. , CSGE precisely dis-
tinguishes boundaries between different tissues, reduces missed detections and
over-segmentation, and generates sharper, more anatomically consistent contours
at texture transition regions. These qualitative results align with quantitative
metrics, validating our collaborative mechanism under limited supervision.
Extension Analysis: Our framework is architecture-agnostic and can be com-
bined with different segmentation networks. We evaluated MedSAM [I4] and
SAM3 [2], which perform competitively on single-modality datasets. However,
our method yields more consistent cross-dataset improvements, with average
gains of 3.2% in Dice and 2.8% in IoU.In addition, for clinical deployment,
BiomedCLIP and SAM are only activated during the training phase (peak 16GB,
V100). Inference only uses a lightweight student network, taking <17 ms and
~1.82 GB for 256 x 256 inputs, ensuring scalable deployment.
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Table 1: Performance Comparison with 1%-30% Labeled Data

Method Year/Source 1% 5% 10% 20% 30%
Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU
Lung Dataset
Ours 0.915 0.8850.962 0.926 0.964 0.930 0.967 0.922 0.965 0.931

U-Net MICCAI 2015 0.764 0.666 0.874 0.784 0.917 0.851 0.940 0.889 0.949 0.903
FixMatch [I7] NeurIPS 2020 0.812 0.752 0.908 0.842 0.930 0.872 0.944 0.894 0.950 0.904
UA-MT IZI MICCAT 2019 0.782 0.799 0.933 0.879 0.926 0.868 0.936 0.885 0.940 0.891
SemiSAM [26] MICCAI 2023 0.843 0.746 0.936 0.883 0.941 0.891 0.941 0.890 0.940 0.889
DyCON III CVPR 2025 0.882 0.812 0.955 0.914 0.957 0.919 0.960 0.923 0.961 0.924
DuCiSC [2I] TMI 2025 0.882 0.818 0.956 0.918 0.958 0.921 0.958 0.921 0.958 0.921
SynFoC CVPR 2025 0.874 0.803 0.951 0.910 0.954 0.916 0.956 0.919 0.958 0.921
B-FFT [7] CVPR 2025 0.885 0.820 0.957 0.917 0.959 0.921 0.961 0.923 0.962 0.925

Kvasir Dataset

Ours 0.8030.763 0.862 0.835 0.904 0.846 0.932 0.874 0.945 0.900
U-Net MICCAT 2015 0.701 0.602 0.833 0.727 0.881 0.794 0.913 0.845 0.928 0.870
FixMatch NeurIPS 2020 0.720 0.619 0.846 0.741 0.894 0.810 0.924 0.861 0.938 0.885
UA-MT MICCAI 2019 0.714 0.613 0.839 0.735 0.887 0.802 0.918 0.855 0.934 0.880
SemiSAM MICCAI 2023 0.727 0.626 0.854 0.752 0.900 0.819 0.928 0.870 0.941 0.892
DyCON CVPR 2025 0.725 0.624 0.852 0.749 0.898 0.815 0.926 0.867 0.940 0.890
DuCiSC TMI 2025 0.732 0.632 0.857 0.755 0.902 0.821 0.929 0.872 0.943 0.894
SynFoC CVPR 2025 0.723 0.621 0.849 0.746 0.895 0.812 0.925 0.865 0.939 0.887
B-FFT CVPR 2025 0.729 0.629 0.855 0.754 0.901 0.820 0.929 0.871 0.942 0.893

ISIC Dataset

Ours 0.8250.705 0.833 0.720 0.887 0.797 0.918 0.846 0.934 0.873
U-Net MICCAI 2015 0.751 0.642 0.802 0.682 0.857 0.750 0.893 0.809 0.913 0.839
FixMatch NeurIPS 2020 0.769 0.657 0.816 0.699 0.873 0.772 0.906 0.830 0.925 0.858
UA-MT MICCAT 2019 0.761 0.653 0.811 0.694 0.867 0.764 0.901 0.822 0.920 0.852
SemiSAM MICCATI 2023 0.776 0.668 0.825 0.710 0.882 0.785 0.913 0.840 0.932 0.868
DyCON CVPR 2025 0.775 0.566 0.822 0.705 0.879 0.781 0.911 0.837 0.930 0.865
DuCiSC TMI 2025 0.780 0.671 0.826 0.712 0.884 0.789 0.915 0.842 0.932 0.870
SynFoC CVPR 2025 0.772 0.663 0.820 0.703 0.876 0.778 0.909 0.834 0.928 0.862
B-FFT CVPR 2025 0.779 0.670 0.826 0.711 0.883 0.787 0.914 0.842 0.932 0.869

i ﬁ‘lﬁil

Image Ours DuCiSC SemiSAM+ UAMT

Fig. 3: Qualitative segmentation results over three medical imaging modalities
using 1% labeled data.



8 Y. Wan et al.

3.3 Ablation Experiments

Parameter Selection: We systematically analyzed the key inherent parameters
of CSGE (Tab. : the unsupervised loss weight A (Eq. @ and the spatial trust
Gaussian kernel parameter o (Eq. . Our model achieved optimal performance
at A = 1.0 and o = 0.5 across three datasets, which aligns with our design by
fully exploiting unsupervised supervision while avoiding interference from noisy
pseudo-labels and eliminating the need for dataset-specific tuning. Experimental
results demonstrate that our method maintains robust performance across a
reasonable range of hyperparameter settings.

Table 2: Impact of Key Parameters (1% Labeled Data, the Lung Dataset).
No. Unsupervised Loss Weight (\) Spatial Trust Gaussian Kernel (o) Dice (%) IoU (%)

1 0.1 0.5 87.5 83.5
2 0.5 0.5 90.2 85.4
3 1.0 0.5 91.5 88.5
4 1.0 0.3 90.8 86.8
5 1.0 0.7 89.1 83.7

Ablation Experiments: To systematically evaluate CSGE, we first analyze iso-
lated experts and then perform a cumulative ablation study to validate each com-
ponent(Tab. . While the baseline model and isolated experts perform poorly,
consistency learning (+teacher) enables stable pseudo-label initialization on un-
labeled data. Building on this foundation, our semantic-geometric integration
(+SAM/BiomedCLIP) combined with SAM and BiomedCLIP further boosts
the Dice score to 86.3%. The proposed Conflict Iterative module (+Conflict
Iterative) effectively resolves semantic—geometric discrepancies, bringing an ad-
ditional 3.6% gain. Finally, the spatial trust maximally preserves boundary infor-
mation (+Spatial Trust Map, Dice+1.6%). The overall 11.7% improvement over
the baseline highlights the effectiveness of the proposed collaborative design.

Table 3: Ablation Experiment (1% Labeled Data, the Lung Dataset).

Configuration Teacher SAM Biom- ConflictSpatial Dice IoU
edCLIP Itera- Trust (%) (%)

tive Map
Only SAM X v X X X 80.1 70.8
Only BiomedCLIP X X v X X 67.9 58.2
Consistency Learnin +Model(Baseline) X X X X X 79.8 66.9
v & +Teacher v X X X X 812 66.9
semantic-geometric +SAM 4 4 X X X 83.7  72.6
+Biomed CLIP v v v X X 86.3 79.5
Conflict Iterative module ‘ ConflictIterative v v v v X 89.9 84.8
Spatial Trust Mechanism ‘ +Spatial TrustMap v v v v v 91.5 88.5
Full Model v v v v v 91.5 88.5
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4 Conclusion

In conclusion, we present CSGE, a Teacher—Student SSL framework that syn-
ergizes the semantic capabilities of BiomedCLIP with the geometric precision
of SAM. By leveraging conflict-aware co-evolution and spatial reliability-aware
optimization, CSGE mitigates pseudo-label noise. This ensures robust segmenta-
tion stability even under extremely limited annotations. Furthermore, the frame-
work ensures lightweight inference, making it an efficient and scalable solution for
clinical deployment. Ultimately, this work highlights the power of large-model-
assisted training for lightweight networks, reducing annotation dependency from
10% to a mere 1%; however, optimizing their synergy remains an ongoing pur-
suit. Looking ahead, we plan to incorporate next-generation foundation models
and advanced optimization techniques, and attempt to extend our framework
to the 3D medical segmentation domain to tackle more complex and diverse
medical imaging modalities.
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