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Abstract. Vision foundation models have emerged as a pivotal solu-
tion for medical image segmentation, demonstrating remarkable poten-
tial in alleviating annotation burdens. However, their direct application
to 3D medical data faces significant challenges: the inherent domain
gap between natural and medical images, and a mechanistic misalign-
ment where SAM 2’s native “object tracking” paradigm struggles with
the “semantic matching” required for volumetric anatomy. To address
these challenges, we propose GU-SAM2, a novel label-decoupled semi-
supervised framework. By strategically separating data utilization, our
method effectively bridges the domain gap and resolves mechanistic con-
flicts: the first stage operates in a label-free manner, employing Masked
Image Modeling (MIM) on ubiquitous unlabeled medical images to train
a lightweight U-Net for internalizing medical domain knowledge; the sec-
ond stage operates in a prompt-guided manner, introducing a Gated
Feature Fusion mechanism to adaptively inject these medical features
into SAM 2. This decoupled fusion strategy enables dynamic, semantic-
aware feature selection, correcting the model logic from mere tracking
to anatomically consistent segmentation. Extensive experiments across
multi-organ and multi-modality datasets demonstrate that GU-SAM2
achieves state-of-the-art performance. Notably, it maintains exceptional
stability on small or challenging organs and delivers robust results even
in scenarios with extremely scarce annotated data (e.g., 1 or 3 labeled
scans).
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1 Introduction

Accurate segmentation is the cornerstone of clinical workflows [20]. While fully
supervised models like nnU-Net [13] excel, they depend heavily on expensive
and scarce expert annotations [22]. Semi-Supervised Learning (SSL) attempts to
mitigate this by leveraging unlabeled data via pseudo-labeling [24, 29]. However,
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in low-data regimes, noisy pseudo-labels often cause the model to reinforce its
own erroneous predictions. This “confirmation bias” severely limits the reliability
of traditional SSL methods in clinical settings [28, 2].

Foundation models like SAM [14] and SAM 2 [18] offer promising avenues
for medical segmentation, yet face two critical limitations. First, a significant
“domain gap” prevents them from handling soft-tissue ambiguities due to lack-
ing medical texture priors [15, 4]. Second, treating 3D medical data as pseudo-
video sequences induces “mechanistic misalignment”: SAM 2’s intrinsic “object
tracking” paradigm (for spatiotemporal consistency) conflicts with medical seg-
mentation’s need for “semantic matching” across slices [27, 5]. This causes “se-
mantic drift”—erroneous background tracking after target organ disappearance
(i.e., over-tracking) [11, 16]. Consequently, both constraints make direct SAM 2
application to 3D medical slices suboptimal [27, 11, 16].

To bridge the domain gap, adaptations like MedSAM [15] and SAMed [30]
employ fully supervised Parameter-Efficient Fine-Tuning (PEFT), ignoring un-
labeled data. Recent SSL attempts, such as VESSA [7] and SSS [31], rely on
complex external prompting or pseudo-labeling, which increases complexity and
risks “confirmation bias.” Most critically, the native "mechanistic misalignment"
has not been fully addressed by existing methods, particularly in developing an
effective mechanism to inject semantic information into SAM 2.

To address these challenges, we propose GU-SAM2, employing a core strategy
of decoupling data utilization. In the first stage, we leverage unlabeled medical
images for Masked Image Modeling (MIM) pre-training on a lightweight U-Net
to capture medical-specific anatomical consistency and texture priors via pixel-
level reconstruction [10, 23]. In the second stage, under supervision, we inject
these features into SAM 2 via a Gated Feature Fusion module. This mechanism
adaptively regulates injection intensity based on image content, significantly en-
hancing the injection weights of medical semantic features in the anatomical
regions of target organs. This design successfully corrects the inherent “object
tracking” tendency to resolve mechanistic misalignment. Furthermore, by oper-
ating without pseudo-labels, we effectively avoid confirmation bias.

The main contributions of this paper are summarized as follows:

– We propose GU-SAM2, a semi-supervised framework designed for medical
image segmentation. It resolves the native “mechanistic misalignment” of
SAM 2 by transforming time-based “object tracking” into anatomy-based
“semantic matching” via semantic injection.

– We design a label-decoupled strategy featuring a “MIM pre-training + Gated
Feature Fusion” paradigm. This strategy leverages unlabeled data to capture
anatomical texture priors, and achieves adaptive feature injection via a gat-
ing mechanism under supervision. By abandoning pseudo-labels, it effectively
avoids “confirmation bias.”

– Extensive experiments demonstrate that GU-SAM2 achieves superior per-
formance, particularly maintaining stability on small or challenging organs.
Notably, it delivers exceptional robustness even in low-data regimes (e.g.,
with only 1-3 labeled samples).
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Fig. 1. The architecture of GU-SAM2.

2 Method

2.1 Stage 1: Unsupervised Domain Knowledge Internalization

To bridge the significant domain gap between natural and medical images, we
employ Masked Image Modeling (MIM) to pre-train a lightweight U-Net encoder
on unlabeled data. We meticulously design the U-Net architecture to consist of
four hierarchical convolutional blocks. Crucially, we ensure that the feature maps
F i
U output at each downsampling stage strictly align one-to-one with the feature

maps F i
S of four different scales output by the SAM 2 Hiera (Small) backbone

in both spatial resolution and channel dimensions. This structural isomorphism
lays the foundation for seamless integration in the second stage, allowing the
U-Net to serve as a dedicated medical imaging feature extractor.

The specific pre-training process is as follows: First, we resize each single-
channel medical image slice and replicate it along the channel dimension to
construct a 3-channel input I ∈ R512×512×3. Subsequently, we apply a random
masking strategy to I to generate the masked image Imask. Next, we perform the
same normalization processing on Imask as in SAM 2, and input the normalized
values into the U-Net for restoration. Finally, the network output undergoes a
denormalization operation to revert pixel values. This process prompts the en-
coder to internalize domain knowledge specific to medical imaging, including
tissue textures, boundary geometry, and anatomical consistency. The training
objective is to minimize the L1 reconstruction loss between the restored recon-
structed image Irec and the original image I:

Lrec = ||Irec − I||1 (1)
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This pre-trained U-Net serves as a frozen feature extractor in the second stage,
providing domain knowledge specific to medical imaging for SAM 2.

2.2 Stage 2: Supervised Multi-scale Gated Semantic Injection

In the second stage, as illustrated in Fig. 1, we integrate the frozen U-Net encoder
into the SAM 2 framework. Crucially, the feature fusion process is executed
exclusively after the Hiera image encoder of SAM 2 has completed its forward
propagation. This means that we perform semantic injection on the extracted
features FS in a post-processing manner. Let F i

S and F i
U denote the frozen

features from the i-th stage (i ∈ {1, 2, 3, 4}) of SAM 2 and U-Net, respectively.
To adaptively inject the texture knowledge learned by the U-Net encoder in
Stage 1, we design a Gated Feature Fusion Module (GFFM). First, to align the
feature spaces, the U-Net features are projected via a 1× 1 convolution:

F
′i
U = Convproj(F

i
U ) (2)

Subsequently, to achieve dynamic semantic filtering, the aligned features are
concatenated with the SAM 2 features and fed into a lightweight gating network.
The generated spatial gate map Gi is computed as follows:

Gi = σ(Conv1×1(δ(GN(Conv3×3([F
i
S ;F

′i
U ]))))) (3)

where σ is the Sigmoid function, δ is the ReLU activation, and [·; ·] denotes
channel concatenation. Specifically, the Conv3×3 is responsible for neighboring
awareness, judging the importance of the current pixel by aggregating infor-
mation from surrounding pixels; GroupNorm (GN) is employed to address the
statistical instability caused by Batch Size=1 in medical image training; the
Conv1×1 compresses the features into a single-channel probability map; and Sig-
moid maps these probabilities to the (0, 1) interval. Notably, the obtained spa-
tial gate map Gi maintains the same resolution as F i

S and F
′i
U but with a single

channel (i.e., 1 × Hi × Wi), with values ranging in (0, 1). Values approaching
1 indicate the injection of encodings extracted by the U-Net encoder (targeting
anatomical regions of the organ), while values approaching 0 indicate suppression
(background regions). This injection essentially functions as a dynamic semantic
filtering. The final fused feature F̂ i

S is computed as:

F̂ i
S = F i

S + α · (Gi ⊙ F
′i
U ) (4)

Here, α is a learnable channel scaling factor implemented via a 1×1×C convolu-
tion. It performs scaling along the channel dimension, meaning that one scaling
coefficient is shared within the same channel. We adopt a Zero-Initialization
strategy (α = 0) to preserve the pre-trained representations of SAM 2.

The fused features follow the native routing logic of SAM 2: the high-resolution
fused features (F̂ 1

S , F̂
2
S) directly enter the Mask Decoder to preserve fine spatial

details, while the low-resolution fused features (F̂ 3
S , F̂

4
S) are fed into the FPN

Neck of the SAM 2 Image Encoder for fusion.
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Fig. 2. Qualitative segmentation results comparison on BTCV, OASIS, and MSD
datasets.

We reorganize labeled slices into short video sequences. During training,
sparse prompts (a box and a point) are provided solely for the first frame, while
subsequent frames rely on temporal memory. Adhering to PEFT principles, we
freeze most components, fine-tuning only the Mask Decoder and GFFM under
Dice Loss supervision. This lightweight design minimizes trainable parameters
and overfitting risk, ensuring efficient and stable convergence even with limited
data.

3 Experiments

3.1 Datasets and Implementation Details

To evaluate generalization and robustness, we conducted extensive experiments
on three benchmark datasets. BTCV [6] (12 abdominal organs, CT) represents
standard clinical scenarios; OASIS [17] (14 brain structures, MRI) verifies gener-
alization on MRI modality; and three challenging tasks from MSD [21] (Task 05
Prostate PZ/TZ, Task 07 Pancreas Tumor, Task 10 Colon Tumor) test perfor-
mance on minute targets and irregular shapes. The Dice Similarity Coefficient
(DSC) is used as the metric.

For inference, we implemented tailored strategies to ensure fair comparison.
For 2D SAM-based methods, we employ Slice-wise Prompting (providing a Box
and Point for every slice). Conversely, for 3D SAM 2-based methods (including
GU-SAM2), leveraging their temporal memory, we adopt a First-frame Guidance
with Sparse Aid strategy: strict prompts are provided only for the first frame,
while subsequent frames receive additional prompts with a probability of 0.25 to
simulate efficient clinical interaction, relying otherwise on the Memory module
for temporal reasoning.

3.2 Comparison with State-of-the-Arts

To verify performance limits, we conducted evaluations under a fully supervised
setting with a strict 80%/20% train-test split, ensuring identical data usage for
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Table 1. Quantitative comparison on the BTCV dataset.

Model Large Medium Small/Hard AVE

Spleen Liver Stom R.Kid L.Kid Aorta IVC Gall Eso Veins Panc AG hard all

nnUNet [13] 0.942 0.948 0.824 0.894 0.910 0.877 0.782 0.704 0.723 0.720 0.680 0.616 0.689 0.802
UNetr [9] 0.968 0.971 0.913 0.924 0.941 0.890 0.847 0.750 0.766 0.788 0.767 0.741 0.762 0.856
Swin-UNetr [8] 0.971 0.975 0.921 0.936 0.943 0.892 0.853 0.794 0.773 0.812 0.794 0.765 0.788 0.869
TransUNet [3] 0.952 0.969 0.889 0.927 0.929 0.920 0.833 0.662 0.757 0.791 0.775 0.637 0.724 0.838
EnsDiff [25] 0.938 0.967 0.910 0.931 0.924 0.869 0.851 0.772 0.771 0.802 0.771 0.745 0.772 0.854
SegDiff [1] 0.954 0.953 0.927 0.932 0.926 0.846 0.833 0.738 0.763 0.796 0.782 0.723 0.760 0.847
MedSegDiff [26] 0.973 0.973 0.924 0.930 0.955 0.907 0.868 0.812 0.815 0.825 0.788 0.779 0.804 0.879

SAM [14] 0.504 0.472 0.553 0.662 0.763 0.601 0.410 0.534 0.569 0.535 0.486 0.354 0.496 0.537
SAM 2 [18] 0.528 0.503 0.529 0.705 0.637 0.483 0.394 0.764 0.551 0.618 0.653 0.730 0.663 0.591
MedSAM [15] 0.748 0.887 0.849 0.803 0.871 0.862 0.735 0.756 0.710 0.704 0.756 0.728 0.731 0.784
SAMed [30] 0.841 0.943 0.785 0.698 0.780 0.874 0.782 0.657 0.739 0.771 0.604 0.736 0.701 0.768
SAM-Med2D [4] 0.885 0.947 0.885 0.889 0.930 0.872 0.795 0.813 0.796 0.811 0.784 0.798 0.800 0.851
MedSAM-2 [32] 0.915 0.834 0.872 0.924 0.920 0.894 0.835 0.926 0.908 0.838 0.832 0.900 0.881 0.883

GU-SAM2(ours) 0.921 0.938 0.884 0.931 0.927 0.905 0.850 0.928 0.920 0.851 0.862 0.923 0.897 0.903

Table 2. Quantitative comparison on the OASIS dataset.

Model Basal Ganglia Large Small/Hard AVE

Putamen Caudate Pallidum Thalamus Lat. Ventricle Hippocampus Amygdala hard all

nnUNet [13] 0.910 0.903 0.868 0.918 0.934 0.901 0.842 0.872 0.896
Swin-UNetr [8] 0.894 0.880 0.845 0.905 0.918 0.883 0.821 0.852 0.878
FastSurfer [12] 0.902 0.891 0.854 0.924 0.938 0.887 0.835 0.861 0.890
QuickNAT [19] 0.893 0.889 0.866 0.915 0.942 0.917 0.859 0.888 0.897

SAM 2 [18] 0.700 0.618 0.707 0.775 0.835 0.715 0.642 0.679 0.713
MedSAM-2 [32] 0.884 0.867 0.869 0.887 0.880 0.848 0.821 0.835 0.865

GU-SAM2(ours) 0.911 0.902 0.921 0.913 0.933 0.920 0.894 0.907 0.913

both Stage 1 pre-training and Stage 2 fine-tuning. As detailed in Tables 1, 2,
and 3, GU-SAM2 achieves comprehensive leading performance across BTCV,
OASIS, and all challenging MSD tasks (Prostate, Pancreas, Colon Tumor), sur-
passing existing SOTA methods. A core advantage over traditional models like
nnU-Net lies in the robustness to target size, enabled by explicit spatial prompts.
We quantified this by calculating the Spearman correlation (rs) between organ
pixel ratios and Dice scores on BTCV. While nnU-Net (rs = 0.853), Swin-UNetr
(rs = 0.942), and MedSegDiff (rs = 0.893) exhibit strong positive correlations
implying heavy reliance on target size, GU-SAM2 yields a non-significant cor-
relation of rs = 0.253 (P -value = 0.428). This indicates that our approach
effectively overcomes the long-tailed distribution problem, maintaining stability
even for minute or low-contrast structures.

Qualitative results in Fig. 2 further evidence this superiority. Benefiting from
the domain knowledge learned by the U-Net encoder, GU-SAM2 successfully de-
lineates targets with blurred boundaries (e.g., Pancreas) or irregular shapes (e.g.,
Colon Tumor) where the vanilla SAM 2 fails. Moreover, the injected semantic
information prevents identity confusion during temporal inference, such as dis-
tinguishing the Liver from the Stomach in BTCV cases. This marks that our
method successfully elevates the underlying logic from primitive “Object Track-
ing” to anatomically aware “Semantic Matching.”
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Table 3. Quantitative comparison on challenging MSD tasks (Task 05, 07, and 10).

Model
Task 05 Task 07 Task 10

(Prostate) (Pancreas) (Colon)

PZ TZ Organ Tumor Tumor

nnUNet [13] 0.742 0.893 0.824 0.542 0.583
Swin-UNetr [8] 0.729 0.882 0.814 0.531 0.572
SAM 2 [18] 0.613 0.758 0.630 0.676 0.604
MedSAM-2 [32] 0.778 0.861 0.817 0.835 0.826

GU-SAM2(ours) 0.820 0.903 0.834 0.867 0.853

Table 4. Ablation study on key components of GU-SAM2.

Module Configuration Dice Score

U-Net Encoder Init Fusion Strategy Decoder Tuning BTCV OASIS

None – × 0.591 0.713
None – ✓ 0.683 0.768

Random Add × 0.307 0.329
Random GFFM × 0.582 0.684
Random Add ✓ 0.323 0.356
Random GFFM ✓ 0.656 0.742

MIM Add × 0.318 0.335
MIM GFFM × 0.585 0.701
MIM Add ✓ 0.814 0.807
MIM GFFM ✓ 0.903 0.913

3.3 Ablation Study and Interpretability

We conducted strict ablation studies (Table 4) to verify the effectiveness of each
module. Results show that the MIM pre-trained U-Net provides crucial texture
priors, significantly outperforming random initialization. The GFFM exhibits ex-
ceptional “semantic-aware” regulation capabilities: it actively suppresses harmful
noise from a Random U-Net (pushing gate values towards 0) to prevent perfor-
mance collapse, while precisely injecting anatomical features from a MIM U-Net.
As visualized in Fig. 3, the gate heatmaps show high responses (Red) exclusively
in target anatomical regions while suppressing the background (Blue). This pre-
cise, semantically oriented injection serves as the best proof of transforming SAM
2 from low-level “Object Tracking” to high-level “Semantic Matching” in medical
image segmentation.

3.4 Data Efficiency Analysis

As shown in Table 5, we investigate data efficiency. First, results confirm a posi-
tive correlation between the scale of unlabeled data and final model performance,
effectively validating the effectiveness of leveraging large-scale unlabeled data
to capture anatomical texture priors. Second, GU-SAM2 demonstrates excep-
tional robustness with minimal labeled data. Benefiting from domain knowledge
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Fig. 3. Visualization of multi-scale gate maps. The 1×H×W probability maps (range
[0, 1]) are displayed using a blue-to-red heatmap, where red and blue indicate values
approaching 1 and 0, respectively.

Table 5. Training data efficiency analysis of GU-SAM2 on BTCV and OASIS datasets.
Stage 1: Ratio of unlabeled data used for U-Net pre-training. Stage 2: Amount of labeled
data used for fine-tuning.

Dataset Stage 1 Few-shot (Stage 2) Ratio (Stage 2)

Data 1 shot 3 shots 5 shots 10% 50% 100%

OASIS
10% 0.820 0.837 0.843 0.858 0.875 0.881
50% 0.829 0.856 0.871 0.882 0.894 0.905
Full 0.846 0.879 0.885 0.898 0.907 0.913

BTCV
10% 0.718 0.727 0.743 0.727 0.772 0.825
50% 0.782 0.811 0.819 0.811 0.845 0.876
Full 0.837 0.875 0.882 0.875 0.894 0.903

injected via MIM pre-training, the model adapts rapidly with minimal anno-
tations. This indicates that our “label-decoupled” strategy significantly reduces
the reliance on expensive medical annotations, offering high value for clinical
deployment.

4 Conclusion

We proposed GU-SAM2 to address the “domain gap” and “mechanistic misalign-
ment” in SAM 2. Central to our approach is a data decoupling strategy: lever-
aging unlabeled data for MIM pre-training to capture anatomical priors, and
injecting semantics via Gated Feature Fusion under supervision. This design
transforms “object tracking” into “semantic matching.” Extensive experiments
across multiple datasets demonstrate that GU-SAM2 achieves SOTA perfor-
mance in multi-modality scenarios. Notably, it maintains stable segmentation
on small or challenging organs and exhibits exceptional data efficiency in ex-
tremely low-data regimes.
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