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Abstract

The Segment Anything Model (SAM) has demonstrated sig-
nificant potential in medical image segmentation. Yet, its
performance is limited when only a small amount of la-
beled data is available, while there is abundant valuable
yet often overlooked hierarchical information in medical
data. To address this limitation, we draw inspiration from
self-supervised learning and propose SAMora, an innova-
tive framework that captures hierarchical medical knowl-
edge by applying complementary self-supervised learning
objectives at the image, patch, and pixel levels. To fully ex-
ploit the complementarity of hierarchical knowledge within
LoRAs, we introduce HL-Attn, a hierarchical fusion module
that integrates multi-scale features while maintaining their
distinct characteristics. SAMora is compatible with vari-
ous SAM variants, including SAM2, SAMed, and H-SAM.
Experimental results on the Synapse, LA, and PROMISE12
datasets demonstrate that SAMora outperforms existing
SAM variants. It achieves state-of-the-art performance in
both few-shot and fully supervised settings while reduc-
ing fine-tuning epochs by 90%. The code is available at
https://github.com/ShChen233/SAMora.

1. Introduction

The Segmentation Anything Model (SAM) [32] stands
as one of the most versatile and comprehensive founda-
tional models in the field of image segmentation, gaining
widespread recognition for its adaptability and high per-
formance across a broad range of applications. Its effec-
tiveness has been demonstrated in diverse domains, includ-
ing satellite imagery analysis [49] and autonomous driv-
ing [10], where robust and accurate segmentation is critical.

However, SAM’s performance is notably less impres-
sive when directly applied to medical images [14, 62].
The inherent complexity of medical imaging, coupled with
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Figure 1. The Hierarchical Characteristics of Multi-Level Pre-
training Tasks on Medical Images. The abundant hierarchical
characteristics inherent in vast amounts of unlabeled data, when
effectively fused, can significantly enhance the segmentation per-
formance of SAM.

the model’s reliance on prompts, poses significant chal-
lenges for its direct application in this domain. Addition-
ally, the scarcity of training medical images—due to le-
gal restrictions and annotation difficulty further exacerbates
these challenges, leading to suboptimal segmentation re-
sults in medical imaging tasks. To overcome this limi-
tation, researchers have turned to prompt-free fine-tuning
techniques, leveraging the available labeled data to adapt
SAM more effectively to the medical domain. Efforts such
as SAMed [66] and H-SAM [15] have demonstrated that
fine-tuning SAM with domain-specific data significantly
enhances its ability to capture the unique patterns inher-
ent in medical images. These advancements have paved
the way for more accurate and reliable medical image seg-
mentation; however, they often overlook the vast amounts
of unlabeled data available, leaving a wealth of potentially
valuable information untapped.

Recent advancements in self-supervised learning(SSL),
such as masked autoencoder (MAE) [23] and contrastive
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learning [48], have gained substantial attention for their
ability to leverage unlabeled data without the need for man-
ual annotation. Studies have demonstrated that models
trained using self-supervised learning techniques can even
surpass the performance of those trained exclusively on la-
beled data [19]. Given the abundance of unlabeled data
in the medical imaging domain, this approach presents a
significant opportunity to enhance SAM’s adaptability to
the complex and diverse characteristics of medical images.
These promising developments have inspired us to explore
the integration of self-supervised learning into fine-tuning
the SAM model.

Furthermore, we observed that medical images exhibit
hierarchical and multi-scale structures [30, 35], with each
scale providing unique features that are critical for accurate
diagnosis. As depicted in Fig. 1, The hierarchical charac-
teristics of the multi-level pre-training tasks on the medi-
cal image show that the image-level patterns capture global
characteristics, which is a broad overview of the anatom-
ical region and essential for identifying general structures
and context. The patch-level patterns allow for a more de-
tailed examination of specific regions called regional char-
acteristics, highlighting finer anatomical features, while the
pixel-level patterns offer fine-grained characteristics with
the highest resolution, enabling the detection of subtle tis-
sue variations. We hypothesize that these hierarchical pat-
terns are complementary to each other and that combining
them with self-supervised learning on unlabeled data can
significantly improve segmentation performance.

In response to these insights, we propose SAMora, a
prompt-free fine-tuned SAM model that incorporates mul-
tiple LoRA experts, which leverage large amounts of un-
labeled medical image data via two stages. The first stage
focuses on enhancing SAM model with hierarchical medi-
cal knowledge, with the use of hierarchical self-supervised
pre-training. Specifically, we pre-train LoRA experts for
the SAM model in the image, patch, and pixel levels, which
are used for follow-up fine-tuning. Notably, the LoRA
experts for image and patch levels are learned by distill-
ing from continually pre-trained teacher models (i.e., Sim-
CLRv2 [12] and MAE [23]) that enables more effective
medical knowledge awareness.

The second stage involves fine-tuning with labeled data,
during which we introduce a hierarchical attention mech-
anism, HL-Attn (Hierarchical LoRA Attention). HL-Attn
leverages the hierarchical properties at each level, first pro-
gressively integrating features from lower to higher levels.
By adaptively integrating and refining knowledge from mul-
tiple levels of medical representations, it effectively cap-
tures the hierarchical characteristics of each level. Fig. 6
in Appendix B.4 shows that hierarchical fusion is key to
the model’s ability to handle complex medical imaging
tasks.

We perform comprehensive experiments on multi-organ
segmentation datasets (i.e., Synapse, left atrial (LA), and
PROMISE2012 datasets) in both fully supervised and
few-shot settings, which demonstrates SAMora’s consis-
tent superiority over existing prompt-free SAM counter-
parts. Moreover, SAMora is compatible with different
prompt-free SAM variants, such as SAMed [66] (by de-
fault), H-SAM [15] where the decoder has been modi-
fied from SAMed. Notably, we also apply the SAMora
on SAM?2 [44], which is a novel segment anything model
proposed recently, called SAMora-2. Specifically, on
the Synapse dataset, SAMora and its variant achieve a
Mean Dice boost of 4.09% using only 10% of the train-
ing data and a Mean Dice boost of 2.10% when utilizing
the whole dataset while consuming only 10% of the fine-
tuning epochs compared with other SAM counterparts.

The core contributions can be summarized as follows:
1) We propose to integrate three hierarchical levels of self-
supervised knowledge from unlabeled medical images to
existing SAM variants by pre-training LoRA experts. 2)
We propose the HL-Attn module to adaptively fuse hier-
archical medical knowledge, ensuring that the model fully
exploits the information available across different scales. 3)
SAMora is comparable with different SAM variants and
achieves state-of-the-art (SOTA) performance on the LA,
PROMISE12, and Synapse datasets in fully supervised and
few-shot settings with only 10% of the fine-tuning epochs,
highlighting its efficiency and effectiveness in medical im-
age segmentation.

2. Related Works

2.1. SAM and Related Fine-tuning Approaches

Recently, the Segment Anything Model (SAM) has gained
significant attention as a robust foundation model for image
segmentation [32, 59]. However, the adaptation of SAM
from general-purpose image segmentation to more special-
ized domains, such as medical imaging, presents consider-
able challenges [29, 40, 52, 61].

Prompt-based SAM variants, which leverage user-
defined prompts to guide the segmentation process, have
shown promise in improving the model’s performance on
specific tasks. For instance, SAM-Path [65] and Med-
SAM [39], have demonstrated improved accuracy when
providing manual prompts. However, the complexity of im-
ages and the need for clinical expertise make manual anno-
tation impractical, while prompts introduce ambiguity due
to varying interpretations and inconsistent capture of object
structures.

Hence, prompt-free fine-tuning is proposed without the
need for user-defined prompts. For instance, SAMed [66]
employs Low-Rank Adaptation (LoRA) [26] to fine-tune
the SAM model with labeled image data. Similarly, the
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Figure 2. The Overview of SAMora. The training process of SAMora is divided into two stages. Stage 1 involves self-supervised pre-
training using different LoRA experts across hierarchical levels. Each level employs a distinct self-supervised learning method: SimCLRv2
for the image level, MAE for the patch level, and denoising autoencoder for the pixel level. Continual Pre-Training (CPT) is applied to
adapt the teacher models (SimCLRv2 and MAE) to the medical imaging domain. Stage 2 focuses on fine-tuning with labeled data, where
the SAM encoder and LoRA experts remain frozen, and only the HL-Attn and Decoder components are tuned. The projector is a trainable

dimension-alignment module.

Medical-SAM-Adapter [13] leverages model adapters [17]
to fine-tune SAM. However, given the limited amount of la-
beled data, which constrains the model’s ability to learn all
domain-specific information, we introduced unlabeled data
by pre-training before fine-tuning.

2.2. Self-Supervised Learning (SSL)

Self-Supervised Learning (SSL) has emerged as a paradigm
for utilizing unlabeled data in pre-training models due
to its ability to learn robust feature representations with-
out the need for manual annotations. Among the various
SSL approaches, contrastive learning methods such as Sim-
CLR [11], MoCo [22], and InfoNCE [55] have been widely
adopted for their effectiveness in distinguishing between
similar and dissimilar samples by contrasting positive pairs
with negative pairs, which is suited for capturing global re-
lationships and broader patterns.

Additionally, reconstruction-based approaches have
gained considerable attention for their ability to capture
features at finer scales. masked autoencoder (MAE) [23],
denoising autoencoders [18, 54], and other related tech-
niques [2, 5] such as [-JEPA focuses on reconstructing cor-
rupted or missing parts of the data. MAE, for example, em-
phasizes the reconstruction of missing patches in an image,
which is ideal for learning intermediate features at the patch
level, where understanding localized structures is key. Un-
fortunately, few researchers have explored the combination
of different SSL methods to fully leverage their unique char-
acteristics for improving downstream task performance.

2.3. Multi-LoRA Fusion

The primary goal of multi-LoRA fusion techniques is to en-
hance model performance by effectively combining the out-
puts of different LoRA experts [42, 67], each of which may
be specialized for different tasks or datasets.

Linear Arithmetic Composition (LAC) [27, 51, 64] in-
volves a simple linear combination of the outputs from each
LoRA, such as LoraHub [28]. However, this approach often
fails to preserve the unique characteristics of each LoRA
block. On the other hand, tuning-based composition [20]
has been developed specifically for the vision-and-language
domain. However, this method notably limited the flex-
ibility of LoRA fusion, primarily due to its reliance on
manually-designed masks.

To address these limitations, the Mixture of LoRA Ex-
perts (MOLE) [56] introduces a gating mechanism that
dynamically adjusts the contribution of each LoRA block
based on the input data. However, MOLE feeds differ-
ent experts with the same or similar sampled subsets. In
contrast, our method introduces different levels of image
features—ranging from image-level to patch-level—into the
model, preventing capturing duplicated information across
various model components.

3. Method
3.1. Model Overview

We propose SAMora, which leverages self-supervised
learning and explores hierarchical feature fusion as a po-
tential enhancement, as shown in Fig. 2. SAMora follows a
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Figure 3. The Structure of HL-Attn. Note that self-attention is
not visualized in this figure.

two-stage process:

In stage 1, we pre-train the SAM model using LoRA,
capitalizing on unlabeled medical image data abundance.
Specifically, we employ multiple self-supervised learning
methods: contrastive learning for image-level features,
MAE for patch-level features, and denoising for pixel-level
features. The LoRA experts are then passed into stage 2,
where we fine-tune the SAM model using a small amount
of labeled data. To effectively integrate the three LoRA
experts, we propose HL-Attn (Hierarchical LoRA Atten-
tion), a hierarchical cross-attention mechanism that fuses
features across different levels. This process involves se-
quentially merging features from the pixel level, patch level,
and image level through multiple layers of cross-attention.
During training, we freeze the SAM encoder and the pre-
trained LoRA weights, allowing only the HL-Attn and De-
coder weights to be updated. This approach ensures that
the model benefits from the robust feature representations
learned during pre-training while optimizing the integration
of multi-level features for improved performance.

3.2. SAMora: Self-Supervised Pre-Training Stage

To capture the unique characteristics at three levels effec-
tively, we employ different self-supervised learning meth-
ods tailored to each scale, as illustrated in Fig. 3.

Image-Level Pre-Training: Contrastive Learning. At
the image level, the focus is on capturing global structures
that are crucial for identifying broad anatomical features.
Hence, we utilize SimCLRv2 [12].

As shown in Fig. 2, the pretext task at the image level
employs a teacher-student framework [25] to distill knowl-
edge from the teacher model into the student model. In
this setup, the SImCLRv2 encoder functions as the teacher
network, transferring its learned representations, while the
SAM encoder, augmented with LoRA, serves as the student
network that receives and integrates this distilled knowl-
edge. Specifically, the teacher network is initialized using
ResNet50 (2X+SK) [21] weights.

Since these weights were originally trained on the
ImageNet dataset, their performance in the medical do-
main is limited. To address this, we further continual
pre-train [16, 46] the SimCLRv2 weights on a dataset
of 100,000 unlabeled medical images to better align the
model’s representations.

Given a mini-batch of augmented examples, the con-
trastive loss between a pair of positive examples ¢, j (which
are augmentations of the same image) is followed by Sim-
CLRv2.

After fine-tuning, we freeze the weights of the Sim-

CLRv2 model. During training, the SAM encoder remains
frozen, with only the corresponding LoRA weights being
updated. Additionally, following the approach used in Ef-
ficientSAM [59], we employ a reconstruction loss to opti-
mize.
Patch-Level Pre-Training: MAE. At the patch level, we
identify smaller anatomical regions or organs. To achieve
this, we utilize a masked autoencoder (MAE) that helps
the model learn the relationships between patches by re-
constructing randomly masked sections of the input images.
This process enhances the model’s ability to capture inter-
mediate features critical for detailed analysis. Specifically,
we initialize the MAE encoder with ViT-Large weights,
originally trained on the ImageNet dataset. However, sim-
ilar to the approach at the image level, we recognize that
these weights may lack domain-specific information rele-
vant to medical images. Therefore, before the distillation
process, we perform continual pre-training of the MAE en-
coder on a dataset of 100,000 unlabeled medical images.

Next, we also use a teacher-student framework with the
MAE encoder guiding the SAM encoder with LoRA by
minimizing the reconstruction loss.

Pixel-Level Pre-Training: Denoising. At the pixel level,
the focus is on capturing fine-grained details, such as sub-
tle tissue variations, critical for downstream tasks like seg-
mentation. To achieve this, we utilize a denoising autoen-
coder, training the model to remove noise from input im-
ages. Given the relatively straightforward nature of the de-
noising task and the lack of large-scale pre-trained weights,
we combine the SAM encoder with the U-Net decoder as
our denoising model, which is optimized by the reconstruc-
tion loss.

Loss Functions of Self-Supervised Pre-Training Stage.
Despite the differences in detailed implementation across
three levels, the underlying principle across all these mod-
els remains consistent: the core of each loss function is fun-
damentally based on reconstructlon loss

Lrecon = ZHF xz )H (1)

where 7 is the number of data iteration, F (%) and G(x)
represent functions specific to the task. Specifically, at the
image and patch levels, F'(x) represents the teacher network
for input z;, and G(x) is the student network. At pixel level,
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F(*) = 1(x) indicates that no processing is applied to the
input image, G(x) represents the denoising autoencoder.

3.3. SAMora: Fine-Tuning Stage

We fine-tune the overview SAM model during this stage,
focusing on the decoder, using a smaller labeled dataset.
Furthermore, we design an effective fusion strategy to com-
bine the features from multiple LoRA experts and ensure
that each block’s strengths are utilized to their fullest poten-
tial.

Fusing Multi-LoRA. Previous fusion approaches, such as
LAC, tend to diminish the unique characteristics of each in-
dividual LoRA block, while MoLE does not fully exploit
the distinct features present at different hierarchical levels,
limiting the model’s ability to capture multi-level represen-
tations effectively. Thus, we propose a hierarchical fusion
module (HL-Attn) based on a cross-attention mechanism to
fuse the features sequentially.

Referring to Fig. 3, consider a transformer block of SAM
encoder, parameterized by 6 (encompassing both the multi-
head attention layer and the feed-forward neural network),
and multiple LoRA experts Q = {Ab;,, Aby,, Al },
which indicates image-level LoRA, patch-level LoRA,
pixel-level LoRA respectively. When given a input = €
RE*4 | the output of the pre-trained model block @ is pre-
sented as Fg € RExd .

Ty = + faeen(LN(x) | 0) )

Fo(x) = j + fren (LN (25) | 0) )

where L and d indicate the sequence length and the dimen-
sion of @, respectively. fatn(-) and frpn(+) denotes the
multi-head attention layer and feed-forward neural network,
respectively. LN refers to layer normalization. The output
of each LoRA is presented as Eng, (z) € REX4,

wlAe,; = + fawn (LN(z) | AG;) )

Eng,(x) = /g, + fren (LN (zhy,) | A0;)  (5)
After that, we apply HL-Attn to fuse the outputs of multiple
LoRA.

Eq(x) = faL—acwn(Ta6,,,> TAb,. Tae,,)  (6)

Finally, the final output of this block is computed by adding
the output of the HL-Attn to the output of the pre-trained
block:

O(z) = Fo(x) + Eq(x). (7)

Sequential Fusion. Given that our approach involves hier-
archically fusing LoRA experts from three different levels,
it is essential to determine the optimal fusion order. Draw-
ing on insights from DINOv2 [41], we prioritize the fu-
sion of patch-level and pixel-level features, which capture

Aorta Spleen Stomach

Liver [l Gallbladder Kidney(R) Kidney(L) B Pancreas

GT LAC MOLE HL-Attn

Figure 4. The Performance of SAMora on Synapse Dataset.

more fine-grained image information, before incorporating
the broader, image-level features.

Cross-Attention. It is particularly well-suited by us-
ing cross-attention for this hierarchical fusion strategy be-
cause it selectively fuses information across different lev-
els [36, 50]. Cross-attention mechanisms can facilitate a
more effective fusion of diverse representations by dynam-
ically focusing on the most relevant features at each hierar-
chical level. Specifically, for each fusion step, the feature
from the higher-level LoRA block is used as the query (Q),
while the features from the lower-level LORA experts are
utilized as the key (K) and value (V). The cross-attention
mechanism can then be computed as follows:

fornvn(Qur, K1, Vi) = softmax (QHKE ) ®
Y Vi

where the Qu = W, - Epg, (x), K, = Wi - Epg, ()
Vi =W, - Eng, (), Engy, () is the feature from higher
level LoRA, while the Eag, (x) is the feature from lower
level LoRA, dy, is the dimension of the key vectors.
Fine-tuning with Labeled Data. Unlike other prompt-
free SAM variants, our approach results in distinct LORA
experts after self-supervised stage training, requiring only
fine-tuning of the Decoder. Specifically, we freeze the SAM
encoder and the pre-trained LoRA weights, allowing the
HL-Attn module and the subsequent Decoder to be fine-
tuned. By simplifying the training process in this way, we
can focus on optimizing the later stages of the model, re-
ducing overall complexity.
Flexibility. Although SAMora is primarily built upon the
SAMed architecture, it maintains flexibility in adapting to
other prompt-free SAM variants. For instance, we com-
bined SAMora with H-SAM and SAMed-2, resulting in two
new models, H-SAMora and SAMora-2. Notably, SAMed-
2 follows a similar approach to SAMed by applying LoRA
to fine-tune the SAM2 model. This adaptability allows
SAMora to inherit and integrate improvements from vari-
ous SAM-based models while ensuring efficient fine-tuning
in different medical imaging tasks.
Loss Functions of Fine-Tuning Stage. We trained
SAMora, H-SAMora and SAMora-2 using the respec-
tive loss functions from SAMed, H-SAM and SAMora-
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Table 1. Performance Comparison of SAM and SAM2 Variants on Synapse Dataset. Bold numbers indicate the best performance. By
default, we utilize SAM as our base model. t indicates H-SAM based model; * indicates SAM2 based model. The full table is provided

in the Appendix B.7.

Training Right  Left . .
Set Method Spleen Kidney Kidney Gallbladder Liver Stomach Aorta Pancreas| Mean Dice T HD |
AutoSAM [34] 68.80 77.44  76.53 24.87 88.06 5270 75.19 34.58 55.69 31.67
SAMed [66] 85.82 82.25 82.62 63.15 9272 6720 78.72 52.12 75.57 23.02
SAMora (Ours) 88.04 8341 86.07 67.33 94.27 6920 82.85 64.13 79.41 15.68
10% SAMed-2* 86.61 83.01 84.56 61.51 91.07 69.02 77.99 52.09 76.68 18.93
SAMora-2* (Ours) | 87.81 85.73  86.35 68.30 93.78 7524 81.12  63.62 80.24 16.27
H-SAM [15] 90.21 84.16  85.65 70.70 9429 76.10 85.54 56.17 80.35 15.54
H-SAMora' (Ours) | 92.46 85.13  86.71 73.15 9582 81.85 88.56 72.72 84.34 11.63
MERIT [43] ‘ 92.01 84.85 87.79 74.40 9526 85.38 87.71 71.81 ‘ 84.90 13.22
SAMed [66] 87.77 69.11 80.45 79.95 9480 72.17 88.72  82.06 81.88 20.64
Fully SAMora (Ours) 89.27 74.05 81.04 81.51 9497 7453 88.87 8242 83.33 14.57
Supervised SAMed-2* 88.63 68.63 81.22 80.33 9518 71.00 87.63 81.93 82.12 12.76
SAMora-2* (Ours) | 91.78 75.85  82.02 83.52 9549 75.11 87.11 82.26 84.14 10.28
H-SAM [15] 93.34 89.93  91.88 73.49 9572 87.10 89.38  7I1.11 86.49 8.18
H-SAMora' (Ours) | 94.62 91.45  93.00 76.55 96.51 89.95 89.55 77.09 88.59 7.09

2, specifically leveraging dice loss and cross-entropy loss
(Lgice and L.,) as follows,

L= )\ce»cce + )\dice »Cdice (9)
where the Lg;.. and L. denote dice loss and cross-entropy

loss, respectively.And the \.. and \g;.. are set to 0.2 and
0.8, respectively.

4. Experiment

4.1. Experimental Setup and Evaluation Metrics

Datasets. For pre-training with unlabeled data, we sam-
pled 100,000 CT images from the Amos22 [31], LiTS [6],
KiTS [24], and Decathlon Challenge [1] datasets. The
pre-processing steps followed the Fed-MENU [60], and fi-
nally, the input images were resized to 224x224 before pre-
training. Furthermore, we conduct fine-tuned experiments
on Synapse [33], LA [8], and PROMISEI12 [37] datasets.

Baselines. = We benchmarked our approach against sev-
eral prompt-free SAM variants, including MA-SAM [9],
I-MedSAM [53], AutoSAM [34], SAM Adapter [14],
SAMed [66], and H-SAM [15]. Additionally, we also
compared our model with several SOTA methods that are
not based on SAM. These include SwinUnet [7], Trans-
DeepLab [3], DAE-Former [4], and MERIT [43]. Further-
more, we also compare SAMora and its variants against
semi-supervised methods across various datasets, including
UA-MT [63], SS-Net [58], MC-Net [57] and DTC [38]. We
followed the data split and preprocessing protocols from H-
SAM [15]. The corresponding part of the dataset was des-
ignated as labeled data, while the remaining portion was

21214

treated as unlabeled data to facilitate semi-supervised train-
ing.

Evaluation Metrics. We utilize the Dice coefficient [45]
and the average Hausdorff distance (HD) [47] as evaluation
metrics.

_ 2AN B

Dice = ——,
Al + 1B

N
1
HD = — ;dH(AZ-, Bi) (10)

Evaluation Protocol. To ensure a fair comparison, the seg-
mentation result is evaluated on the complete test volumes,
following the protocol established by H-SAM [15].

The Synapse dataset consists of 3,779 contrast-enhanced
axial abdominal CT images, with 2,212 slices used in the
training set. To effectively demonstrate the efficiency of
SAMora, we also fine-tuned the model using only 10%
of the training data. Following the H-SAM protocol, we
evaluated the segmentation of eight abdominal organs:
aorta, gallbladder, spleen, left kidney, right kidney, liver,
pancreas, and stomach.

The left atrial (LA) dataset is derived from the 2018 Atrial
Segmentation Challenge [8]. We strictly follow H-SAM
for data split and data pre-processing. Specifically, we
only keep (4/100)(5%) scans as labeled data to fine-tune,
followed by H-SAM.

PROMISE2012 dataset is derived from the Prostate MR
Image Segmentation 2012 [37]. We strictly follow the
data split and pre-processing methods of H-SAM. Specif-
ically, we only keep 7.5% (3/40) scans as labeled data to
fine-tune followed by H-SAM.

Implementation Details. All implementations use Py-
Torch, with all models trained on eight NVIDIA RTX A100
GPUs. The SAM (ViT-B) and SAM?2 (hiera-base-plus)



Table 2. Comparison of SAM Variants against Semi-
Supervised Methods across Various Datasets. The full table
is provided in the Appendix B.7.

10% 5% 7.5%

Method Synapse | LA | PROMISEI2
SS-Net [58] 56.74 86.33 73.19
MC-Net [57] 61.20 83.59 72.66
SAMed [66] 75.57 87.72 86.00
SAMora (Ours) 79.41 90.13 88.44
SAMed-2 76.68 87.91 86.50
SAMora-2 (Ours) 80.24 91.04 89.27
H-SAM [15] 80.35 89.22 87.27
H-SAMora (Ours) 84.34 92.46 90.14

backbone are utilized throughout the entire training process.
We combine data augmentation techniques, including elas-
tic deformation, rotation, and scaling. The training loss is
a combination of Cross-Entropy loss and Dice loss. For all
LoRA experts used in this paper, we adopt the same set-
tings as in SAMed and H-SAM in which the rank of LoRA
is set to 4. For fairness in comparison, we use the same im-
age resolution of 224x224 on the Synapse dataset, aligning
with other SAM variants and SOTA methods.

4.2. Results

Tab. 1 and Tab. 2 compare different SAM variants across
various datasets, evaluating their performance using Mean
Dice(%) and HD as the primary metrics.

Firstly, SAMora demonstrates exceptional few-shot trans-
ferability, achieving impressive results even when fine-
tuned on only a fraction of the available data. Compared
to other prompt-free SAM variants and other SOTA mod-
els, SAMora, SAMora-2, and H-SAMora achieved remark-
able Mean Dice scores of 79.41%, 80.24%, and 84.34%, re-
spectively. Furthermore, Tab. 2 shows that SAMora and its
variants also achieve the SOTA performance against other
SOTA semi-supervised methods across the 10% Synapse,
the 5% LA and 7.5% PROMISE12 dataset.

Secondly, when evaluated on the full Synapse dataset
(100% Synapse), SAMora and its variants continued to
show improvements, We also conducted statistical valida-
tion to confirm the significance of our performance im-
provements in Appendix B.6.

Thirdly, Tab. 3 shows the number of fine-tuning epochs and
the total parameter among SAMora and its variants. The
results indicate that compared to other prompt-free SAM
variants, SAMora and H-SAMora demonstrate significantly
achieving high performance with considerably 10% training
epochs.

Visualization. Fig. 4 shows the performance of our pro-
posed model, SAMora, on the Synapse dataset. These re-
sults highlight the effectiveness of SAMora, further empha-
sizing its potential as a robust solution for medical image

Table 3. Comparison of Fine-tuning Efficiency and Perfor-
mance of SAMora, SAMora-2, H-SAMora.

Fine-tuning Total Mean

Method Epochs Parameter (M) | Dice (%)
SAMed 200 108.8 75.57
SAMora (Ours) 20 118.5 79.41
SAMed-2 200 99.1 76.68
SAMora-2 (Ours) 20 109.7 80.24
H-SAM 300 112.3 80.35
H-SAMora (Ours) 30 122.0 84.34

Table 4. Effectiveness of Different Multiple LoRA experts Fu-
sion Strategies.The full table is provided in the Appendix B.3.

Image-level Patch-level Pixel-level  Fusion Mean Dice
LoRA LoRA LoRA Module (%)
v v v LAC [64] 82.41
v v v MOLE [56] 83.91
v v v LoRAHub [28]] 81.07
v v v HL-Attn (ours)| 84.34
1 1 2 HL-Attn (ours)| 84.21
1 2 1 HL-Attn (ours)| 83.86
2 1 1 HL-Attn (ours)| 84.34

segmentation tasks. Fig. 6 illustrates the complementary
nature of multiple LoRA modules.

4.3. Model Analysis

Different LoRA Fusion. As shown in Tab. 4 (top) and
Fig. 4, we compared against two alternative LoRA fusion
modules: Linear Arithmetic Composition (LAC) [27, 64]
and Mixture of LoRA Experts (MOLE) [56]. LAC ex-
hibits the lowest performance, confirming that simple lin-
ear weighting is prone to diminishing each trained LoRA’s
unique characteristics. In contrast, HL-Attn not only better
preserves the individual characteristics of each LoRA but
also fuses them hierarchically, leading to superior task per-
formance. The details are further elaborated in Tab. 10 in
Appendix B.2.

Sequences of Fusion. To illustrate the importance of the
fusion sequence in HL-Attn, as shown in Tab. 4 (bottom),
we conducted experiments evaluating the impact of differ-
ent LoRA block fusion orders on H-SAMora’s performance
on the Synapse dataset. Here, we compare various fusion
sequences, where ~’1” represents earlier fusion and 72" in-
dicates later fusion of LoRA experts. The results show that
the sequence where the LoRA experts obey the fusion strat-
egy of 2-1-1 yields the highest Dice of 84.34%, while the
1-2-1 sequence yields the lowest Dice of 83.86%. The re-
sult demonstrates that the hierarchical fusion strategy in-
deed influences the performance of models, suggesting that
the high-level spatial structures are relatively complex. This
underscores the need for an effective approach to fusing var-
ious hierarchical features to fully capture the intricacies of
these structures.
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Figure 5. The Visual Heatmaps between SAMed and SAMora.
The heatmaps display regions of interest with varying levels of rel-
evance, where red denotes areas of high attention, yellow indicates

moderate attention, and blue represents low or no attention
Table 5. Ablation Analysis of Multiple LoRA experts on 10%

Synapse. “Scratch” means the model is trained from scratch,
while “T-S” indicates the model is trained by the Teacher-Student
framework. The full table is provided in the Appendix B.7.

Image-level Patch-level Pixel-level | Mean Dice
LoRA LoRA LoRA (%)
Scratch X X 77.20

T-S (w/o CPT) X X 77.31
T-S (w/ CPT) X X 78.03

X Scratch X 76.54
X T-S (w/o CPT) X 77.19
X T-S (w/ CPT) X 78.81
X X Scratch ‘ 76.97

Visual Interpretation. To enhance the interpretability of
the model and improve transparency in segmentation, Fig. 5
visualizes the attention maps between SAMed and SAMora.

On the one hand, the focus regions of SAMed are some-
what scattered, failing not only to fully capture all relevant
areas but also covering some irrelevant regions. On the
other hand, SAMora exhibits a more focused attention on
critical anatomical structures, accurately covering all target
organ regions.

4.4. Ablation Studies

Effectiveness of each LoRA. In Tab. 5, we performed ab-
lation studies on 10% Synapse dataset to evaluate the con-
tribution of each LoRA block at different levels—image,
patch, and pixel—to the overall performance of models.
By selectively retaining only one LoRA block during fine-
tuning, we observed the distinct impact of each level. The
results indicate that the patch-level LoRA achieved the
highest Mean Dice score of 83.02%, demonstrating its sig-

Table 6. Performance Comparison of Different Models.

Model \ MA-SAM I-MedSAM SAMora SAMora-2 H-SAMora
AMOS22 82.70 86.26 90.51 90.77 91.84
BTCV 83.12 85.67 89.87 91.06 92.51
Synapse 72.69 75.11 79.41 80.24 84.34
Inference Time ‘ 4.3 34 31 4.2 5.7

nificant contribution to the model’s effectiveness in captur-
ing intermediate-level features.

Effectiveness of Teacher-Student Framework. We em-
ployed distillation techniques based on the Teacher-Student
framework to pre-train the SAM encoder at the image and
patch level in stage 1. Tab. 5 presents a comparison between
the distillation-based training approach and direct training
of the SAM encoder.

In particular, the results indicate that when using the
teacher-student framework (T-S) with CPT, the model
achieves higher performance (78.81% and 83.02%) com-
pared to the models trained directly without distillation.
This suggests that distilling knowledge based on Teacher-
Student framework can effectively capture more nuanced
and hierarchical features within medical images.
Effectiveness of Continual Pre-Training. Furthermore,
Tab. 5 also highlights the significant impact of CPT dur-
ing the distillation process. The results clearly demonstrate
that models utilizing CPT exhibit substantial improvements
compared to those without it, underscoring the importance
of this step in enhancing the model’s performance. Tab. 12
in Appendix B.5 also shows the effectiveness of the CPT.
Comparison of computational efficiency. Tab.6 presents
a performance comparison of different models. Inference
time is measured in seconds (s). The results demonstrate
that SAMora and its variants achieve an optimal balance
between segmentation accuracy and efficiency, consistently
outperforming I-MedSAM [53] and MA-SAM [9] across
all datasets. Notably, SAMora achieves superior segmen-
tation accuracy while maintaining a lower inference time,
reinforcing its practical applicability in real-world scenar-
ios.

5. Conclusion

In this paper, we propose to integrate three hierarchical
levels of self-supervised knowledge. Additionally, we de-
signed an HL-Attn fusion module to effectively fuse hier-
archical medical knowledge. Our experiments on the LA,
PROMISE12, and Synapse datasets in fully supervised and
few-shot settings demonstrate that SAMora and its variants
consistently outperform other strategies, achieving SOTA
performance with a mean Dice score of 84.34%.
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