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Abstract—The universality of deep neural networks across dif-
ferent modalities and their generalization capabilities to unseen
domains play an essential role in medical image segmentation.
The recent segment anything model (SAM) has demonstrated
strong adaptability across diverse natural scenarios. However,
the huge computational costs, demand for manual annotations
as prompts and conflict-prone decoding process of SAM degrade
its generalization capabilities in medical scenarios. To address
these limitations, we propose a modality-decoupled lightweight
SAM for domain-generalized medical image segmentation, named
De-LightSAM. Specifically, we first devise a lightweight domain-
controllable image encoder (DC-Encoder) that produces dis-
criminative visual features for diverse modalities. Further, we
introduce the self-patch prompt generator (SP-Generator) to
automatically generate high-quality dense prompt embeddings
for guiding segmentation decoding. Finally, we design the query-
decoupled modality decoder (QM-Decoder) that leverages a one-
to-one strategy to provide an independent decoding channel
for every modality, preventing mutual knowledge interference
of different modalities. Moreover, we design a multi-modal
decoupled knowledge distillation (MDKD) strategy to leverage
robust common knowledge to complement domain-specific med-
ical feature representations. Extensive experiments indicate that
De-LightSAM outperforms state-of-the-arts in diverse medical
imaging segmentation tasks, displaying superior modality univer-
sality and generalization capabilities. Especially, De-LightSAM
uses only 2.0% parameters compared to SAM-H. The source
code is available at https://github.com/xq141839/De-LightSAM.

Index Terms—Medical image segmentation, knowledge distil-
lation, domain generalization

[. INTRODUCTION

EDICAL imaging has made great strides in the last
decades, spawning a variety of modalities, such as
histopathology imaging, dermoscopy imaging, X-ray imaging,
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Fig. 1. Comparison of our De-LightSAM and existing medical SAM works.
(a) Small Unet-like models for automatic prompt generation. (b) Distilled
image encoders for lower computation cost. (c) Our De-LightSAM achieves
efficient computation cost and auto-prompting generation simultaneously.

fundus imaging, colonoscopy imaging and ultrasound imaging.
They play an important role in determining disease types and
grading [1]-[3]. Traditionally, medical images are analyzed by
medical experts, which is time-consuming and occupies sub-
stantial healthcare resources. In this challenging background,
computer-aided diagnosis is expected to accelerate evaluation
time and improve diagnostic efficiency, where pixel-level
segmentation of target regions is a key step for quantitative and
qualitative assessment, presenting valuable information [4].
Convolutional neural network (CNN) based U-shape archi-
tectures investigate the correlation between the low-level and
high-level semantic information in mask prediction [S]-[11].
Although these methods demonstrate the accurate generation
of segmentation masks within known domains, they are dif-
ficult to generalize to unseen domains. To address domain
generalization (DG) challenges, existing studies utilize multi-
task learning, data augmentation and domain synthesis to im-
prove the diversity of model feature representations [12]-[14].
However, these task-specific models require to be retrained
from scratch when facing different modalities due to their
limited model capacity. This raises significant challenges in
establishing a segmentation model with superior generalization
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and universality in various medical imaging modalities.

Vision transformer (ViT) [15] leverages the self-attention
mechanism to capture long-range dependencies and provides a
larger model capacity to overcome the constraints of inductive
bias under the supervision of big data. Especially, the recent
appearance of segment anything model (SAM) [16] has made
a significant breakthrough in the field of image segmentation.
The superior generalization of SAM in natural images has
been sufficiently validated, demonstrating its transferability
in a wide range of scenarios through interactive prompts.
Existing studies [17], [18] have illustrated the potential of
SAM for universal medical image segmentation. Despite these
advantages, adapting SAM to clinical scenarios faces three
significant obstacles. Firstly, SAM [16] mainly depends on
manual annotations (e.g., points, boxes) as prompts to guide
the segmentation mask generation, leading to labor-intensive
operations. Particularly, for the most effortless mode (i.e.,
single positive point) and simple automatic prompt generation
algorithm (i.e., sliding window), recent studies [17], [18] have
indicated that they are difficult to perform acceptable results
in medical applications due to insufficient or incorrect prompt
information. Although current studies [19]-[21] include clas-
sical small Unet or object detection models, as shown in Fig.
1(a), to automatically generate different prompts, they involve
significant additional computation cost.

Furthermore, the standard SAM [16] contains a large num-
ber of parameters. In particular, the image encoder of SAM-
H contains 636M parameters. The huge computational costs
limit the applicability of SAM in real-world scenarios. Existing
methods based on parameter-efficient fine-tuning techniques
[4] enable the reduction of learnable parameters during the
fine-tuning phase. In addition, to reduce inference cost, many
studies [22]-[24] leverage knowledge distillation strategies
to transfer the knowledge of SAM to a single small image
encoder, as illustrated in Fig. 1(b). Meanwhile, they leverage a
modality-agnostic decoding query to predict potential segmen-
tation masks for all categories. However, in the field of medical
imaging, every vision modality has inherent heterogeneity.
This one-to-many strategy is difficult to handle the mutual
knowledge interference of different modalities, resulting in the
degradation of model generalization capabilities.

To address these limitations, we propose De-LightSAM, a
modality-decoupled lightweight SAM framework specifically
designed for domain-generalized medical image segmenta-
tion, as shown in Fig. 1(b) Specifically, we first develop a
lightweight domain-controllable image encoder (DC-Encoder)
that efficiently captures discriminative visual features across
diverse medical modalities while significantly reducing com-
putational overhead. Second, we introduce a self-patch prompt
generator (SP-Generator) that eliminates the need for manual
annotations by automatically generating high-quality dense
prompt embeddings, enabling fully automated segmentation.
Third, we design a query-decoupled modality decoder (QM-
Decoder) that employs a one-to-one decoding strategy, provid-
ing independent channels for each modality to prevent cross-
modal knowledge interference and enhance segmentation ac-
curacy. Additionally, we propose a multi-modal decoupled
knowledge distillation (MDKD) strategy that effectively trans-
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fers both common and domain-specific knowledge from foun-
dation models to our lightweight architecture. Through exten-
sive experiments across multiple medical imaging datasets, we
demonstrate that De-LightSAM achieves superior performance
compared to state-of-the-art methods while using only 2.0%
of SAM-H’s parameters, showcasing exceptional computation
efficiency and cross-domain generalization capabilities.

The contributions of this work are summarized as follows.

e We propose De-LightSAM as an end-to-end framework
that addresses real-world medical imaging challenges,
including computational constraints, and multi-modal
compatibility. De-LightSAM offers a practical pathway
in clinical environments with limited computational re-
sources while maintaining high segmentation accuracy
across diverse medical imaging scenarios.

e We devise a DC-Encoder integrated with the MDKD
strategy. This approach efficiently extracts discriminative
visual features across diverse medical modalities while
transferring both common and domain-specific knowl-
edge from foundation models, achieving the significant
reduction of computation cost.

« We introduce an integrated framework combining an SP-
Generator for automatic high-quality prompt generation
and a QM-Decoder with a one-to-one decoding strategy.
This eliminates manual annotation dependency while pro-
viding independent processing channels for each modality
to prevent cross-modal interference.

« We conduct extensive experiments across multiple med-
ical imaging modalities and datasets to systematically
evaluate domain generalization capabilities. Our com-
prehensive analysis demonstrates superior generalization
capabilities compared to existing state-of-the-art methods.

II. RELATED WORK
A. Generalized Medical Image Segmentation

The generalization capabilities of deep neural networks have
received significant attention in medical image segmentation.
The original UNet [5] reveals great single-domain adaptation
but is difficult to generalize unseen domains. Previous studies
[6], [12], [25]-[27] mainly adopt multi-scale feature fusion
to improve the feature representation power of models. In
addition, Cheng et al. [13] utilized causality-inspired data
augmentation to extend the distribution of the single-source
domain during training. Xu et al. [14] proposed an Adversarial
Domain Synthesizer (ADS) to synthesize the new domains
from the memorized source domain information. As these task-
specific methods have limited model capacity, they need to be
trained from scratch for each modality. The recent Segment
Anything Model (SAM) [16] took advantages of its large-scale
image encoder and interactive prompts to achieve outstanding
zero-shot generalization in natural image segmentation. In
medical image segmentation, MedSAM [18] and SAMMI
[17] collected more than 1M public medical images to fully
fine-tune SAM with box and point prompts for universal
medical image segmentation. However, such methods rapidly
increase data and computation costs, which are expensive
and impractical in clinical scenarios. To mitigate the reliance
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Fig. 2. The overview of our De-LightSAM framework for domain-generalized medical image segmentation, consisting of DC-Encoder, SP-Generator and
QM-Decoder. For ease of understanding, we elaborate on the case of De-LightSAM in skin lesion segmentation. Our De-LightSAM fully exploits a modality-

decoupled paradigm to enhance generalization capabilities.

on data size and computational resources during transfer
learning, parameter-efficient fine-tuning techniques have been
introduced in SAM. Specifically, the Adapter has been widely
used to integrate into the image encoder of SAM for the
refinement of feature representation in medical imaging [4].
SAMed [28] concatenated Low-Rank Adaptation (LoRA) with
self-attention layers of SAM to optimize the feature extraction.
While beneficial, these architectures are still based on the huge
ViT encoder, which is computationally expensive. In contrast,
our approach overcomes this aforementioned challenge and
illustrates superior generalization-efficiency trade-offs across
a variety of medical imaging modalities.

Furthermore, SAM [16] relying on laborious manual annota-
tions as segmentation prompts seriously reduces its applicabil-
ity in clinical scenarios. Although it provides a simple sliding
window algorithm to automatically generate box and center
point prompts from inputs, recent studies [17], [29] have indi-
cated that this approach significantly degrades inference speed
and fails to perform satisfactory results in medical image seg-
mentation tasks. To minimize the need for manual annotations,
many studies used traditional segmentation networks (e.g.,
UNet [5]) to produce low-resolution masks as prompts [20],
[30]. However, such pixel-level small segmentors may gener-
ate more error prompts when facing heterogeneous modalities
due to their limited model capacity. On the contrary, our De-
LightSAM framework automatically generates a set of high-
quality patch prompts from its own image embeddings for
guiding segmentation decoding, so it eliminates the demand
for labour-intensive manual annotations.

B. Knowledge Distillation

Knowledge distillation (KD) [31] is a classical method of
compressing the size of foundation models, transferring the
knowledge from the teacher model to the student model.
Generally, hard labels (e.g., category) and soft labels (e.g.,
probability) are used to supervise the learning of a student
model from a teacher model. Yang et al. [32] decoupled
the distillation into two stages: representation learning and
classification. Subsequently, decoupled knowledge distillation

[33] was introduced to divide the traditional KD loss into two
parts: target class and non-target class knowledge distillation,
which enhances the efficiency of knowledge transfer between
the teacher and student model. In addition, it has been proven
that soft labels are preferable in KD-based medical image
segmentation [34], [35]. Recently, transferring the knowledge
of SAM to a small model has become a hot research topic.
MobileSAM [22] retained the prompt encoder and mask
decoder of the standard SAM [16], adopting feature distillation
between its image encoder and the TinyViT [36]. EdgeSAM
[37] involved both the prompt encoder and mask decoder in
the distillation process to capture the full knowledge embodied
in SAM. EfficientSAM [23] utilized masked image pretraining
method and reconstruction loss to transfer the knowledge from
the image encoder of SAM to a lightweight encoder. However,
these feature-coupled distillation methods are challenging to
harmonize the feature representation across diverse modalities
with inherent heterogeneity, resulting in the degradation of the
model generalization capability. On the contrary, our method
adopts a feature-level decoupled distillation strategy. The dis-
tilled image encoder enables the generation of discriminative
features for different medical modalities.

III. METHODOLOGY
A. Overview of De-LightSAM

In this study, we denote S = {S!,S82,---,SK} as the
set of K highly heterogeneous medical vision modalities
involved in source domains. Each domain includes image and
segmentation mask pairs of S¥ = {(z;,y;)}N,, where N
represents the number of pairs within the domain. Our goal
is to train a universal segmentation model Fy : ¢ — y on
source domains, which not only performs well across different
modalities but also can be directly generalized to an unseen
target domain 7 of each modality.

As illustrated in Fig. 2, De-LightSAM presents a com-
prehensive framework for domain-generalized medical image
segmentation that operates efficiently across diverse imag-
ing modalities. Given input medical images from the k-
th modality, our framework processes segmentation through
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Fig. 3. The illustration of our MDKD strategy, including two sub-tasks: common feature distillation and domain-specific feature distillation. We leverage
robust common knowledge to complement domain-specific medical feature representations.

three core components. Firstly, the DC-Encoder extracts dis-
criminative visual representations while maintaining modality-
specific characteristics. This lightweight encoder incorporates
a modality controller for domain-aware feature learning, op-
timized through our proposed MDKD strategy from pre-
trained foundation models. Then, the SP-Generator automati-
cally transforms the encoded features into high-quality dense
prompt embeddings, eliminating the dependency on manual
annotations while ensuring comprehensive spatial coverage for
accurate segmentation guidance. Finally, the QDMD employs
modality-specific decoding channels, where each modality
utilizes its dedicated query mechanism to perform independent
segmentation inference, thereby preventing cross-modal in-
terference and enhancing modality-specific performance. This
end-to-end architecture enables De-LightSAM to achieve su-
perior generalization across unseen medical domains while
maintaining computational efficiency.

B. Domain-Controllable Image Encoder

SAM [16] mainly relies on a large-capacity ViT to provide
generalized feature representations but is challenged by the
huge computation costs, which limit its applications in real-
world scenarios. Recent studies [24], [38], [39] mainly aim
to transfer the knowledge of the huge image encoder into
an independent lightweight architecture. However, different
modalities of medical imaging face inherent heterogeneity.
Such full-knowledge sharing image encoders are difficult to
harmonize the feature representation of the model across
diverse modalities, degrading the generalization capabilities.
To address this challenge, we propose a DC-Encoder that
generates discriminative features for different modalities while
maintaining computational efficiency. Given a set of patch
embeddings z* € RHEXWXC \where H, W and C are the
height, width and number of channels, our DC-Encoder first

employs two MBConvs [40] blocks to learn low-level repre-
sentation efficiently. Specifically, each MBConv block applies
a 1 x 1 convolution for channel expansion. A 3 x 3 depthwise
convolution is followed by a 1 x 1 projection convolution
for effective channel communication. Then, MBConv blocks
combine with Ly standard ViT layers to capture long-range
dependencies. In particular, we create a modality controller
’FMC = {wlgias7wlkl:p7wgown}k[’<:1’ where w‘tk):ias and wll\C/ILP
represent learnable tokens and MLP layers, respectively. Every
w{jias concatenates with the query Q branche of the self-
attention layer to adapt the attention computation A of the
specific modality:

Qz* ~ why,,) - K(a*)"

Vd

where ~ is the concatenation operation, d stands for multi-
head dimensions and - is the matrix multiplication. After that,
the learnable {w},, wk .} is combined with the feed-forward
network Frpy of ViT to generate discriminative features h for

different modalities:

A = softmax( )-V(@F), (1)

h=a*+ A+ Frrn (Fin(A)) + f(wﬁp}"LN(A))w'jown, 2)

where f(-) is the activation layer (e.g., GELU) and Fyn(-) is
the LayerNorm operation. In addition, the embedding dimen-
sion width Cy and network depth L are critical factors af-
fecting computational cost. Previous research [36] has demon-
strated that wider dimensions facilitate learning of complex
representations, while deeper models may lead to overfitting
on medical datasets due to limited fully-annotated labels
caused by expensive pixel-level annotation costs. To build a
lightweight yet effective architecture, our DC-Encoder adopts
a balanced design with moderate embedding dimensions and
shallow structure (i.e., C7; = 192,L; = 10). This design
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choice ensures that Encoder can effectively capture domain-
specific features while maintaining computational efficiency.

C. Self-Patch Prompt Generator

Current medical SAM [4], [17], [18], [28] and lightweight
SAM [22]-[24], [37]-[39] mainly leverage manual prompts
(e.g., points and boxes) to guide the model to provide sat-
isfactory segmentation masks. However, such methods rely
on the experience of pathologists in medical scenarios, which
are expensive and time-consuming. To eliminate the demand
for manual annotations, we propose the SP-Generator that
contains a patch generator and prompt encoder to automat-
ically produce a set of high-quality patch prompts to assist
segmentation decoding. Specifically, the patch generator ¢
consists of Lo convolutional layers for patch merging and 1x 1
convolution F¥1  for channel compression, where each layer
includes 2 x 2 convolution ]-'é(ffv with stride 2 followed by
LayerNorm. With each additional convolutional layer, the scale
of the patch is doubled. After that, we utilize the sigmoid o
function to generate probability maps. The self-predicted patch
prompts pPpat is optimized by binary cross-entropy loss since
this prediction can be considered as a global classification task:

Lpat = —Ppat IOg@pat) +(1— ppat) log(1 — ﬁpat)v (3)

where ppa¢ is the target patch generated by the maxpooled
ground truth. We then respectively use the interpolation
method for memory-efficient upsampling ppat and 1 x 1
convolution to align the dimension with the image embedding
h. They constitute the prompt encoder. During inference,
the computation of dense prompt embeddings Pgense can be
formulated as:

Pdense = éé&v(ﬁnter(U(Fé;(&V(FLN (F(%;r?v(h))))))) (4)

As the image embedding / contains rich semantic information
and the target area of many medical images is much smaller
than the background, we place the patch generator on h. The
patch prompt is essentially an inductive prediction, reducing
the complexity of predicting the final segmentation mask
by providing the summarized semantic information to the
decoder. In this way, the SP-Generator module automatically
produces a set of high-quality dense prompts to guide the
prediction of segmentation masks, improving the applicability
of De-LightSAM in clinical scenarios.

D. Query-Decoupled Modality Decoder

The mask decoder of SAM [16] utilizes modality-agnostic
query tokens to handle all segmentation tasks in natural
images. However, this is not optimal for medical image
segmentation. As there exists inherent heterogeneity in various
medical imaging modalities, such common prediction channels
suffer from decoding conflicts, degrading the generalization
capabilities of the model. To address this problem, we propose
the QM-Decoder for our De-LightSAM framework. Con-
cretely, we set K query tokens {¢*}X_ |, where ¢* € R1*Cz,
to customize the private workflow for each Modality. We
adopt a class-fixed assignment algorithm where each query
token corresponds to one modality category. Given the image
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embeddings 4 and prompt embeddings p, we first update the
mask query using the self-attention operation and then conduct
cross-attention with the fusion of /4 and pgense: b < hPBPdenses
where @ is an element-wise addition operation:

Q(¢*) - K(¢M)T
Vd

Qhe Q) K(¢")"
Vd

where h' is the decoding embedding, 2 stands for the cor-
responding positional encodings. Similar to SAM [16], such
operations are iterated twice. To predict the segmentation mask
*, we perform:

?Qk = 'Entcr(U(‘Fth:I?s<fth:§s(h/)) '-Flig/ILP(h/»a (7)

where F2X2 represents two 2 x 2 transpose convolutions,
upsampling b’ by 4x. k-th MLP F¥; . aligns the channel
with upscaled H and contains the decoding information of
corresponding modalities. The sigmoid operation, followed by
an interpolation function, is used to recover the size of the
original masks. The quality of predicted masks is supervised

by a combination of focal loss and dice loss:
Lseg = Lfocal + Ldice- (8)

Consequently, the proposed QM-Decoder provides an inde-
pendent decoding process for each modality, which avoids the
conflicting inherent heterogeneity of different modalities, im-
proving the generalization capabilities of our De-LightSAM.

q" « softmax( ) - V(") o)

)-V(h) @& h, (6)

h' = softmax(

E. Multi-Modal Decoupled Knowledge Distillation

Knowledge distillation has emerged as a prominent tech-
nique for transferring knowledge from large foundation models
to lightweight architectures while maintaining competitive per-
formance. To compress the SAM size, recent studies [22], [23],
[37] usually adopt the same modality as the pretraining during
the distillation stage. However, the scarcity of medical imag-
ing data poses additional challenges for effective knowledge
distillation. Medical datasets are inherently limited in scale
due to privacy concerns, expensive annotation costs, and the
specialized expertise required for accurate labeling. This data
scarcity leads to insufficient sample diversity for robust feature
learning, causing the student model to overfit to the limited
training samples and fail to generalize to unseen medical
domains. To address this issue, we propose an MDKD strategy
to provide robust foundational knowledge that can complement
domain-specific medical features. Specifically, we construct a
multi-modal teacher model that involves two complementary
components: (1) a natural image encoder Fvyir.sam of SAM
[16] to provide common knowledge as this image encoder is
pretrained on a large-scale dataset containing a wide variety
of diversity and (2) a medical SAM image encoder FviT Med
to provide domain-specific knowledge. To obtain JF~;iT Meds
we integrate an adapter-based SAM encoder with our SP-
Generator and QM-Decoder, adopting the parameter-efficient
fine-tuning technique [41] to achieve adaptation on source
domains. In particular, to reduce the number of learnable
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TABLE I
DETAILS OF THE SOURCE DOMAINS USED IN OUR EXPERIMENTS.

No. Dataset Modality Resolution  Images
St ISIC-2018 [42], [43] Dermoscopy Variable 3694
S? PCXA [44] X-ray Variable 704
S3 DRIVE [45] Fundus 584 x 565 40
St CVC-ClinicDB [46]  Colonoscopy 384 x 288 612
S° UDIAT [47] Ultrasound Variable 163
S¢ DSB-2018 [48] Microscopy Variable 670
TABLE II

DETAILS OF THE UNSEEN DOMAINS USED IN OUR EXPERIMENTS.

No. Dataset Modality Resolution  Images
7! PH2 [49] Dermoscopy 767 x 576 200
T2 NIHCXR [50] X-ray 512 x 512 100
T° STARE [51] Fundus 700 x 605 20
T* CVC-ColonDB [52] Colonoscopy 574 x 500 380
T3 BUSI [53] Ultrasound Variable 780
TS TNBC [54] Microscopy 512 x 512 50

parameters, we only insert adapters in FFN layers as they
determine the feature generation. Drawing inspiration from the
divide-and-conquer algorithm, our proposed MDKD method
decouples the KD process into two sub-tasks: common feature
distillation and domain-specific feature distillation. During
common feature distillation, we aim to transfer general visual
representation knowledge from JFyvit.sam to the backbone
components of DC-Encoder (denoted as Fpcg) without in-
volving the modality controller. This process ensures that
our lightweight encoder can capture fundamental visual pat-
terns and structural information that are universally applica-
ble across different imaging modalities. Moreover, we distill
the specialized knowledge of each medical modality from
FViT-Med to the modality controller f%/[gE of our DC-Encoder.
This targeted distillation enables the modality controller to
learn domain-specific characteristics and adapt the shared
backbone features to the unique requirements of each medical
imaging modality. By separating this process from common
feature distillation, we ensure that modality-specific adapta-
tions do not interfere with the general visual representation
capabilities. The loss function of MDKD is defined by:

Lupxp = ||[Fvir-sam (*nat) — fDCE(xnat)H;

al 2 )

+ > || Fvimmea () — FpSe®)]]5,
k=1

where xp,; stands for the 1% natural images of the SA-1B
dataset [16] and x* is the medical image collected from source
domains S*. Overall, our MDKD method incorporates large-
scale natural image data to provide robust common knowledge,
leading to superior segmentation performance and enhanced
domain generalization capabilities.

IV. EXPERIMENTS
A. Datasets and Implementations

1) Datasets: To validate the effectiveness of our proposed
De-LightSAM, we select six different medical imaging modal-
ities. Table I presents the datasets of source domains for
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proving the universal ability. We adopt a common train-val-
test split of 8:1:1 in PCXA, CVC-ClinicDB, UDIAT and
DSB-2018. For ISIC-2018 ' and DRIVE 2 datasets, we use
the official train-val-test sets provided by their competition
organizers. To evaluate the generalization capability of our
framework, we further collect an unseen domain for each
modality, as illustrated in Table II.

2) Implementation Details: We perform all experiments on
a single NVIDIA A6000 GPU with PyTorch. We adopt the
optimizer using Adam with a learning rate of 1 x 10~%. The
batch size and epochs are set to 4 and 200, respectively. We
apply the exponential decay strategy to adjust the learning
rate, where the factor is set as 0.98. All images are resized to
1024 x 1024 during the training and test stages. We set the
patch size m to be 32, Ly = 1 and utilize 1% images of the
SA-1B dataset for the distillation. We use ViT-H [15] as the
teacher image encoder for all SAM-based architectures. The
loss coefficient A is set to 0.7 during training. In comparing
traditional automatic segmentation methods, we consider both
UNet-based [5]-[8], [25], [55] and DG-based [12]-[14] fully-
automated architectures as baselines. We reimplement these
models, follow their official configurations in our experiments,
and train a single model for each domain. In the com-
parison of lightweight SAM frameworks, MobileSAM [22],
RepViT-SAM [38], EfficientViT-SAM [24], EfficientSAM-Ti
[23], EdgeSAM [37] and SAM-Lightening [39] are served as
baselines. These architectures are trained with the point prompt
mode that uses the ConnectedComponentsWithStats function
in OpenCV to calculate the centroid of each instance as point
prompts. In addition to evaluating the manual point mode, they
perform the automatic mask generation mode [16].

3) Evaluation Metrics: To perform the comprehensive eval-
uation of medical image segmentation, we adopt two common
metrics: Dice coefficient and Hausdorff Distance (HD). Both
measure the similarity between the prediction and ground
truth, where HD is more sensitive to the boundary than Dice.
We also report model parameters, Floating Point Operations
(FLOPs), Frames Per Second (FPS) and latency to reveal the
computation cost and inference speed. To match the predicted
K masks with the corresponding ground truth y¥, we calculate
the Dice score between {§F}X | and y¥. The one with the
highest Dice score in this set is chosen as the matching
prediction mask for the evaluation [17].

B. Comparison with State-of-the-arts on Source Domains

To validate the effectiveness of our lightweight De-
LightSAM framework in universal medical segmentation, we
compare it with SOTA fully-automated architectures: U-Net
[5], U-Net++ [25], Att-UNet [6], nnUNet [7], H2Former [8],
TransUNet [55], ADS [14], CIAug [13], MADGNet [12] and
lightweight SAMs [22]-[24], [37]-[39] on the test set of
source domains, as illustrated in Table III. For fair compar-
isons, the knowledge of lightweight SAMs is distilled from the
same teacher model FviT—_nmed. Firstly, it can be observed that
De-LightSAM performs better than all task-specific models,

Thttps://challenge.isic-archive.com/data/#2018
Zhttps://drive.grand-challenge.org/

Page 6 of 12
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1
2 TABLE III
3 COMPARISON WITH STATE-OF-THE-ART FRAMEWORKS IN UNIVERSAL MEDICAL IMAGE SEGMENTATION (SOURCE DOMAINS).
4 Methods Manual S? S? S3 s? S° S¢
5 Prompt DiceT HDJ| DicelT HD] DiceT HDJ] DiceT HDJ| DicefT HDJ] DiceT HDJ]
6 U-Net [5] 82.87 180.90 93.85 103.51 79.13 6822 8391 13096 6924 131.62 88.16 130.28
7 U-Net++ [25] 82.60 175.04 9531 7584 8061 6503 8577 15296 7250 137.84 9048 112.12
8 Att-UNet [6] 83.97 170.78  95.80 66.16 80.72 66.48 86.90 156.72 71.02 107.70 91.12 113.64
nnUNet [7] 84.96 126.19 9606 6824 8171  64.16 8838 12728 7522 119.66 9161 121.16
9 H2Former [8] X 82.12  191.39 9554 7544 8146 6509 8466 14208 7030 11098 90.17 117.69
10 TransUNet [55] 84.28 13480 96.27 56.85 81.68 64.91 86.00 151.14 71.07 123.80 90.03  109.56
11 ADS [14] 84.14 17284  94.89 86.68 80.48 68.49 87.70 11774 7255 136.08 9032 11524
ClAug [13] 83.91 141.07 9582  73.18 8045 6572 87.69 106.68 7178 13484 90.58 113.72
12 MADGNet [12] 85.02 131.84 96.22 67.41 81.89 64.73 88.20 107.16 7275 131.24  91.38 98.04
13 MobileSAM [22] 87.97 10534  96.25 50.94 69.31 94.41 81.83 86.46 6648 107.78 87.42  131.00
14 RepViT-SAM [38] 88.00 10675 96.07 5271 6776  98.66  81.81 154.65 6838 103.09 88.81 127.17
15 EfficientViT-SAM [24] .~ 8849 103.61 9643 4907 7816  77.16 8516 10272 7471 11318 8937 11642
EfficientSAM [23] om 87.11 108.12  96.40 49.77 76.32 79.41 82.81 96.35 71.17 11357 8841  129.08
16 EdgeSAM [37] 88.10 10092 96.18 51.60 68.04 9240 8176 105.06 67.64 10551 8735 113.46
17 SAM-Lightening [39] 88.28 101.64 9641 5035 74.84 8732 8370 9779  73.07 12953 89.18 111.67
18 MobileSAM [22] 86.19 168.48 9475 17550 2556 25424 7729 28432 6151 34222 6149 307.44
RepViT-SAM [38] 85.73  157.66 9427 17027 25.10 263.76  78.75 29636 61.62 440.75 60.54 287.63
19 EfficientViT-SAM [24] X 87.18 15129 96.13  128.60 2595 25239 8248 31751 6544 35498 6632  292.69
20 EfficientSAM [23] 87.02 162.45 94.89 16920 2584 26151 7854 30536 62.05 430.18 60.56 336.55
21 EdgeSAM [37] 8586 15397 94,52 18337 2562 25785 7641 32879 60.24  400.69 59.68 357.20
2 SAM-Lightening [39] 86.99 165.80 9583 115.19 2552 26125 80.14 29233 6259 37655 62.68  306.66
23 De-LightSAM X 88.52 92.42 96.83 40.68 82.42 62.64 92.93 56.32 85.28 82.32 92.24 85.93
24 image nnUNet TransUNat MADGNet i M EfficientSAM  SAM- De-LightSAM Ground Truth
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51 Fig. 4. Qualitative comparison with SOTA task-specific models and lightweight SAM frameworks on medical image segmentation (source domain).
g ; especially achieving a Dice of 85.28% in S® and being performance of these lightweight SAMs in retinal vessel and
=2 10.06% higher than nnUNet [7]. Note that all task-specific nuclei segmentation tasks declines rapidly. The proposed De-
cs models require to be retrained on each domain. Therefore, our LightSAM significantly surpasses EfficientViT-SAM [24] with
56 De-LightSAM demonstrates outstanding universal capabilities. a 56.47% and 25.92% Dice increase, respectively. On HD
7 Secondly, compared to recent lightweight SAMs, the proposed metric, our framework reduces the distance by up to 5.8x
=3 De-LightSAM outperforms the laborious point-prompt mode. compared to current SOTA models, revealing more accurate
=9 Particularly, with the automatic mask generation mode, the boundary prediction. These results reveal the superior uni-
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TABLE 1V
COMPARISON WITH STATE-OF-THE-ART FRAMEWORKS IN DOMAIN-GENERALIZED MEDICAL IMAGE SEGMENTATION (UNSEEN DOMAINS).

Methods Manual St Tt 52 - T2 R St Tt S5 T° S5~ 7°
Prompt DiceT HDJ] DicetT HDJ] DiceT HDJ] DiceT HDJ] DicetT HDJ] DicetT HDJ]
U-Net [5] 87.00  140.38  69.98  223.70  61.21 17497  32.60 461.64 39.17 33698 46.57 295.62
U-Net++ [25] 87.87 110.08 71.29 222.65 62.79 180.01 3643 466.92 41.30 343.66 47.77 281.42
Att-UNet [6] 88.66  126.35 7241 23426  65.18 118.10 35,56  420.60 41.89 357.08 48.70  280.56
nnUNet [7] 89.56 105.53 7448 211.68 65.00 107.82 36.00 490.92 43.87 269.04 49.19  283.67
H2Former [8] X 87.79 146.24 7334  219.59 65.68 11571 3472 480.78 4246  275.80 53.86 294.98
TransUNet [55] 89.26  108.48  80.11 19336  66.23 112.06  42.79  339.14 4484 267.26 5422  282.64
ADS [14] 87.83 129.46 7692  180.72  62.45 172.16  37.36 45470  43.19 27630 51.06  281.34
CIAug [13] 88.44  127.62 6822 25736 65.65 120.87 39.07 387.02 4150 267.40 5392  286.23
MADGNet [12] 89.71 96.86 84.11 168.58 66.88 119.41 4432 36584 4491 264.61 5929 278.56
MobileSAM [22] 90.37 87.28 89.14  140.02 54.10 160.16  32.77 399.29  38.68 310.52 16.17 452.18
RepViT-SAM [38] 90.63 84.74 88.17 14825 5572 133.82 27.76  381.39 3358 301.85 1520 438.64
EfficientViT-SAM [24] Point 91.14 85.05 89.73  145.84 72.12 116.89  61.67 179.99  58.58  183.63  34.24  332.94
EfficientSAM [23] 90.80 89.34 89.00 150.07  69.20 98.05 56.50 21822 5295 23398 25.14 358.13
EdgeSAM [37] 90.38 86.32 88.01 147.62 56.03 13648 28.17 433.08 37.51 291.65 1211 501.14
SAM-Lightening [39] 90.85 89.96 89.63  144.84  67.38 98.85 58.12 21020 54.75 24437 23.69 423.15
MobileSAM [22] 85.61 30475 87.60 277.89 223 253.99  20.90 470.94 31.03 342.10 6.44 375.52
RepViT-SAM [38] 84.69  283.65 86.18  290.07 2.30 283.22  17.64 491.23  26.64  409.92 5.96 383.02
EfficientViT-SAM [24] X 89.29  177.12  89.33  287.08 9.72 256.58  58.77  357.63 46.08 501.00 14.85 442.26
EfficientSAM [23] 88.44  281.54 88.24  281.52 6.75 298.82  46.99 474.12 3944  468.81 12.81 419.71
EdgeSAM [37] 8431 33493 87.07 277.67 2.37 266.70  17.64  489.03  30.01  382.82 5.83 476.44
SAM-Lightening [39] 89.41 16896  87.62  300.50 4.26 251.03  56.94 41996 43.68 446.36 12.01  439.31
De-LightSAM X 91.45 78.13 92.24 91.30 79.68 83.84 6596 160.13 61.62 199.74 64.21 248.47
Image nnUUNet TransUNet MADGNet EfficientViT-SAM EfficientSAM SAM-Lightening De-LightSAM Ground Truth
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Fig. 5. Qualitative comparison with SOTA task-specific models and lightweight SAM frameworks on medical image segmentation (target domain).

:
:

versal capabilities of our De-LightSAM on diverse medical which is provided in Table IV. Within task-specific architec-
segmentation tasks without the demand for manual prompts.  tures, the large-capacity TransUNet [55] and multi-task learn-
ing MADGNet [12] show better performance than nnUNet [7].
On the contrary, our method achieves overwhelming perfor-
C. Comparison with State-of-the-arts on Unseen Domains mance on all unseen domains with a significant rise of 1.74%,

Furthermore, we evaluate the generalization capabilities of ~ 8-13%, 1.2-80%’ 2_1'64%’ 16.71% and 4.-92% over MADGNet
our De-LightSAM architecture on unseen target domains, ©n the Dice metric. Compared to the lightweight SAMs, the
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TABLE V
COMPARISON OF COMPUTATION COSTS WITH AUTOMATIC
SEGMENTATION MODELS UNDER 1024 x 1024 INPUTS.
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TABLE VIII
COMPARISON WITH AUTO-PROMPTING METHODS ON
DOMAIN-GENERALIZED MEDICAL IMAGE SEGMENTATION: § — T .

Method Params | FLOPs | FPS T Latency |
U-Net [5] 13.40M  49791G  11.07 90.34ms
U-Net++ [25] 9.16M 558.46G 8.57 116.69ms
Att-UNet [6] 8.72M 269.07G 8.45 118.34ms
nnUNet [7] 34.29M 554.40G  10.99 91.00ms
H2Former [8] 33.71M 536.96G 7.41 134.95ms
TransUNet [55] 109.54M  865.31G 4.73 211.42ms
ADS [14] 14.07M 503.59G 1091 91.67ms
ClAug [13] 14.26M 500.23G  10.85 92.17ms
MADGNet [12] 31.40M 210.65G 8.33 120.05ms
MobileSAM [22] 9.79M 39.71G 1.05 952.38ms
RepViT-SAM [38] 23.16M 115.61G 1.12 892.86ms
EfficientViT-SAM [24]  34.80M 89.10G 0.91 1098.90ms
EfficientSAM [23] 25.38M 32.51G 0.98 1020.41ms
EdgeSAM [37] 9.60M 22.10G 1.25 800.00ms
SAM-Lightening [39] 19.26M 52.46G 1.02 980.39ms
De-LightSAM 12.74M 55.86G 13.09 76.39ms
TABLE VI

ABLATION STUDY OF DE-LIGHTSAM IN DOMAIN-GENERALIZED
MEDICAL IMAGE SEGMENTATION: § — T .

Row M; My Ms | Dice (Avg.) T+ HD (Avg.) | Params |
1 64.49 451.43 641.09M
2 v 71.94 286.32 13.36M
3 v 69.96 152.65 641.11M
4 v 67.28 297.51 640.45M
5 v v 74.29 142.97 13.38M
6 v v 75.17 272.88 12.72M
7 v v 70.83 143.26 640.47TM
8 v v v 75.86 140.60 12.74M
TABLE VII

ABLATION STUDY OF MDKD IN DOMAIN-GENERALIZED MEDICAL
IMAGE SEGMENTATION: § — T .

Row Method | Dice (Avg.) T HD (Avg.) |
1 DC-Encoder 66.17 192.49
2 +KD 72.04 165.23
3 +MDKD 75.86 140.60

proposed De-LightSAM tackles the challenge of segmentation
mask generations in retinal vessels, ultrasound cancer and mi-
croscopic nuclei segmentation tasks, improving the Dice score
by more than 50%. Remarkably, our De-LightSAM framework
illustrates a lower HD distance, which provides a more precise
localization for segmentation targets. Furthermore, we present
the computation costs of each framework in Table V. In high-
resolution medical image segmentation tasks, we observe that
traditional task-specific architectures demonstrate acceptable
inference speed but higher model complexity. The recent
lightweight SAMs suffer from slow inference speed and high
latency in the automatic mask generation mode due to the
inefficient sliding window algorithm. In contrast, our De-
LightSAM displays remarkable complexity-speed trade-offs.
Overall, these results demonstrate the superior generalization
capabilities of our proposed De-LightSAM framework on
unseen domains across different medical imaging modalities
with high computation efficiency.

Methods Prompt Types Dice (Avg.) T HD (Avg.) |
CellSAM [56] Box 74.51 149.73
UN-SAM [30] LRMask 73.87 145.59
UV-SAM [20] Box + LRMask 74.24 148.14
PromptNucSeg [21] Point 73.95 153.72
SP-SAM [57] Box + Point 73.39 157.63
De-LightSAM Patch 75.86 140.60

80 100.0
97.5
95.0
92.5
90.0

Avg. HD
Avg. Dice (%)

~
N

87.5

72 85.0
84.0 ~17 82.5
L 70 80.0
4x4 8x8 16x16 32x32 64x64128x128 " Point Box  Patch (Oursj LRMask
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Fig. 6. Hyper-parameter analysis of patch size (left) and comparison of model
performance based on different prompt types (right). Each prompt type utilizes
manual annotations (ground truth) as the input.
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Fig. 7. Feature comparison via T-SNE between the baseline model (left) and
our De-LightSAM framework (right) on unseen target domains.

D. Ablation Study

To investigate the effectiveness of our proposed DC-Encoder
M, SP-Generator My and QM-Decoder M3 modules, we
further conduct a comprehensive ablation study on unseen
target domains of six medical imaging modalities, displayed
in Table VI. By removing the devised modules from De-
LightSAM, in 1%¢ row, the standard fine-tuned SAM [16]
serves as the ablation baseline. By separately adding the
MDKD (2"¢ row), SP-Generator (3"¢ row) and QM-Decoder
(4*" row), the performance is increased with the average Dice
of all modalities gain of 7.45%, 5.47%, 2.79%, respectively.
Particularly, the MDKD strategy decreases 67.90% of the
parameters compared to SAM. The introducing SP-Generator
module (3% row) significantly reduces HD by 66.19%, which
is more efficient than manual point prompts. The 5" row to
the 7t" row indicates the compatibility between each module.
On this basis, our complete De-LightSAM framework (8"
row) simultaneously adopts all three components to achieve
the best performance across all modalities.

Furthermore, we conduct a detailed analysis of our MDKD
strategy, as shown in Table VII. We consider DC-Encoder
trained from scratch as the baseline (1°* Row), which achieves
66.17% Dice and 192.49 HD. The addition of conventional
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knowledge distillation (2"¢ Row) improves performance to
72.04% Dice with reduced HD of 165.23. However, our
proposed MDKD strategy (3" Row) demonstrates superior
effectiveness, providing an additional 3.82% Dice improve-
ment and 24.63 HD reduction, validating the effectiveness
of our decoupled distillation approach in handling diverse
medical imaging scenarios. Overall, these ablation experiments
prove that the DC-Encoder strategy significantly decreases the
computation costs of De-LightSAM while maintaining com-
petitive accuracy. SP-Generator eliminates the requirement for
manual annotations. QM-Decoder further enhances the gen-
eralization capabilities of the model across diverse modalities
by preventing cross-modal interference. The MDKD strategy
enables effective knowledge transfer from foundation models
to lightweight architectures, improving the generalization ca-
pabilities of De-LightSAM.

E. Discussion

1) Effectiveness of Patch Prompt Learning: In this sec-
tion, we delve into the rationale behind the adoption of the
patch prompt learning strategy. Initially, we replace our SP-
Generator module with other auto-prompting methods in De-
LightSAM and make a comparison in Table VIII. It can be
observed that Cell-SAM [56], UN-SAM [20] and Prompt-
NucSeg [21] perform better than UN-SAM [30] and SP-SAM
[57] but require more parameter consumptions as they utilize
additional segmentors (e.g., Segformer [58]) or detectors (e.g.,
DETR [59]) to produce prompts. In contrast, our SP-Generator
module eliminates these demands and outperforms state-of-
the-arts by directly extracting high-quality patch prompts from
the image embedding. In addition, we examine the efficiency
of SP-Generator with different patch sizes on source domains.
As illustrated in Fig. 6 (left), based on the average perfor-
mance on six modalities, setting a relatively large patch size
proves beneficial for the patch category task, albeit it provides
less semantic information than mask prompts. Conversely,
reducing the patch size increases the prediction complexity,
consequently leading to more errors or noise. Additionally,
we conduct a comparison of our devised patch prompt with
point, box and Low-Resolution (LR) mask prompt modes in
Fig. 6 (right). Considering that automatic prompt generation
aims to learn the representation of human annotations, all
prompt types utilize manual annotations (ground truth) as
inputs for the experiment. Observations reveal that the manual
patch prompt outperforms both the box and point prompts.
Therefore, the learning patch prompt approach proves more
efficient for guiding the segmentation decoding.

2) Significance of Modality-Decoupled Framework: In the
design of our MDKD strategy and image encoder, we adopt
a decoupling strategy to provide an independent encoding
workflow for each modality. To qualitatively evaluate the
effectiveness of De-LightSAM in learning discriminative rep-
resentations, we make a feature comparison via T-SNE with
the baseline (using a full-knowledge sharing strategy). As
shown in Fig. 7, the features produced by our method exhibit
significant discriminability over the six medical image modali-
ties on unseen domains, which benefits the following decoder
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in terms of segmentation masks significantly, enhancing the
universal and generalized capabilities of De-LightSAM.

V. CONCLUSION

In this paper, we have proposed the De-LightSAM frame-
work for universal medical image segmentation. Specifically,
the DC-Encoder has been introduced with a modality con-
troller to generate discriminative features for diverse medical
modalities while maintaining computational efficiency. Then,
SP-Generator has been designed to automatically produce
high-quality dense prompt embeddings for guiding segmen-
tation decoding, eliminating the dependency on manual anno-
tations. Moreover, QM-Decoder has established independent
decoding channels for each modality, preventing cross-modal
knowledge interference and enhancing modality-specific per-
formance. Finally, the MDKD strategy has been devised to
distill both common and domain-specific knowledge from
foundation models to our lightweight architecture, unleashing
generalization potentials. Extensive experiments have demon-
strated that De-LightSAM achieves significantly lower com-
putational complexity than the standard SAM and outperforms
state-of-the-arts across diverse medical imaging segmentation
tasks, exhibiting superior domain generalization capabilities.
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