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Abstract

Single Domain Generalization (SDG) is critical in medical
imaging applications. Recently, Vision Foundation Models
(VFMs) have spearheaded a trend in AI development due
to their robust generalizability and versatility. This work
aims to fully explore the generalization capabilities of VFMs
alongside the domain-specific expertise of specialized mod-
els, thoroughly investigating the boundaries of their respec-
tive capabilities, thereby collaboratively addressing SDG chal-
lenges within medical imaging. We propose a framework for
Collaborative reasoning between Specialized and Universal
models for Single Domain Generalization (CollaSU-SDG)
in medical imaging. Specifically, we first design a model-
aware perturbation injection method from the perspective of
single-source domain data, enabling differentiated and adap-
tive perturbation injection for two different scales of models.
Then, a domain expansion adapter is designed for the VFM
to adapt to the augmented single-source domain medical data.
Lastly, we introduce an adaptive hierarchical transfer and dy-
namic dense prompting method that facilitate collaborative
reasoning between the specialized and universal models, elim-
inating the need for explicit prompts. Through these designs,
CollaSU-SDG fully leverages the strengths of both specialized
and universal models, achieving robust out-of-distribution gen-
eralization capabilities on single-source domain data. Exper-
imental results demonstrate that CollaSU-SDG significantly
advances the state-of-the-art performance across a wide range
of medical datasets. All the code will be publicly available.

Introduction
In the field of medical imaging, Domain Adaptation (DA)
(Guan and Liu 2021) and Domain Generalization (DG) (Zhou
et al. 2022) aim to tackle variations in data distributions
that deviate from the traditional assumption of independent
and identically distributed (IID) data (Carlucci et al. 2019b).
Within this context, Single-source Domain Generalization
(SDG) specifically focuses on the realistic challenge of de-
veloping methods that can generalize from a single source
to multiple OOD target domains (Xu et al. 2023). This is
particularly relevant in medical imaging, especially under
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Figure 1: CollaSU-SDG outperforms state-of-the-art models
on a broad range of datasets. "Pro", "Fun" and "Pol" denote
three medical tasks. Di denotes different domain of datasets.

conditions of limited data availability or stringent privacy
concerns (Price and Cohen 2019). Significant contributions
include Data Augmentation (Su et al. 2022a), Regularization
(Huang et al. 2020a), and Self-supervised Learning (Carlucci
et al. 2019a). However, the SDG problem remains far from
being fully resolved.

Recent advancements in deep learning have been propelled
by foundation models such as CLIP (Radford et al. 2021),
LLaMA (Touvron et al. 2023), and GPT (Brown et al. 2020),
impacting diverse fields including computer vision (CV) and
natural language processing (NLP). Unlike earlier models,
which were often specialized (S-model), these are termed
Universal Model (U-model, or Foundation Model), em-
phasizing their robust generalization capabilities across a
broad range of tasks (Zhou et al. 2023). Notably, the Segment
Anything Model (SAM) (Kirillov et al. 2023b) emerges as
the first foundation model tailored for image segmentation,
showcasing remarkable performance across various domains
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Figure 2: (a) shows the segmentation performance of the CollaSU-SDG method on three tasks. (b) The holistic framework
of CollaSU-SDG. (c) The proposed collaboration and perturbation strategy further activates and expands the feature space
distribution, effectively countering inter-domain drift. (d) Visualizing clear and accurate segmentation results of CollaSU-SDG.

such as natural scenes (Ji et al. 2023), medical imaging (Ma
and Wang 2023), and remote sensing (Wang et al. 2023).

These research advancements inspire us to explore the use
of VFMs to address challenging SDG tasks in medical im-
ages. This raises a critical question: given the significant gap
between medical and natural images, how can VFMs be
effectively applied to specific medical domains and adapted
to the substantial stylistic differences across medical image
domains? In addition, the performance of SAM relies on the
precise locations of explicit prompts (Yue et al. 2024). That
means a precise manual guidance or well-performing special-
ist detector is required for accurate prompts, this complexity
further limits SAM’s direct application in the SDG tasks.

To fully leverage the generalization capabilities of foun-
dational models and the specialized expertise of domain-
specific models, our work aims to achieve collaborative
computation between these two types of models to address
the SDG task in the medical field. Our approach, termed
"Perturbating, Tuning, and Collaborating," designs an ar-
chitecture that promotes collaborative inference between S-
and U - models (see Fig. 2-b). The "Perturbating" component
involves model-aware perturbation injection (see Fig. 2-c),
which dynamically adapts to the capacities of different mod-
els to achieve differentiated perturbations on single-source
data, thereby enhancing the capabilities of S- and U -models
on single-domain data. The "Tuning" module is designed as
an domain expansion adapter for the U-Model, facilitating
the adaptation of the foundational model to single-domain
medical data. Finally, the "Collaborating" strategy comprises
two aspects: adaptive hierarchical transfer for the S-Model
and dynamic dense prompting for the U-Model. The experi-
mental results indicate that this collaborative paradigm has
achieved significant improvements in medical SDG tasks (see
Fig. 2). The contributions are summarized as follows:

• We propose a method, named CollaSU-SDG, for SDG
in the medical image segmentation. This approach syner-
gizes the domain expertise of specialized (S-) models with
the generalization capabilities of universal (U-) models,
alleviating SDG challenges effiectively.

• We introduce a collaborative strategy that employs dy-
namic dense prompts from specialized models to guide
foundation models. Additionally, the integration of adap-
tive hierarchical transfer at multiple scales enhances the
dynamic prompting capabilities.

• We design model-aware perturbation injection and domain
expansion adapter from both data and structural perspec-
tives to enhance SDG capabilities. This approach involves
adaptive frequency domain perturbations within both (S-)
and (U -) models.

• As shown in Fig. 1, extensive experiments conducted on
sixteen datasets across three medical tasks with CollaSU-
SDG demonstrate significant improvements across all met-
rics, with DSC increasing by 7.31% to 84.00% on the
fundus dataset and by 8.39% to 81.29% on the prostate
dataset. Our CollaSU-SDG method significantly estab-
lishes new state-of-the-art results.

Related Work
Single-source Domain Generalization (SDG). SDG meth-
ods (Liu et al. 2024; Chen et al. 2022) aim to derive robust
and invariant features from source data alone. Traditional
SDG techniques include Image Transformations (Volpi and
Murino 2019), Adversarial Learning (Su et al. 2021), Model-
based Augmentation (Yue et al. 2019) and Feature-based
Augmentation (Zhou et al. 2022). To counteract the risk of
overfitting due to domain shifts, diverse data augmentation
methods have been developed (Xu et al. 2020; Huang et al.
2020b; Zhou et al. 2021). Adversarial methods (Zhong et al.
2022) employ an adversarial domain synthesizer to create
new domains through interpolation, ensuring semantic consis-
tency with mutual information regularization. These methods
have inspired our approach to inject perturbations.
Vision Foundation Model (VFM). Foundation models such
as SAM (Kirillov et al. 2023b), DINOV2 (Oquab et al. 2023)
and CLIP (Radford et al. 2021) represent significant advance-
ments. These large-scale, universal models, have gained sub-
stantial attention due to their comprehensive pre-training
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Figure 3: The overall architecture of proposed CollaSU-SDG approach, where the model-aware perturbation injection (with the
"Perturbating" process), domain expansion adapter for U -Model (with the "Tuning" process), adaptive hierarchical transfer and
dynamic dense prompting (with the "Collaborating" process) are shown.

across diverse datasets, enabling them to adapt flexibly to
various tasks (Brown et al. 2020). The exceptional general-
ization capabilities of these models have prompted further
exploration of their application to specialized tasks, showing
their transformative impact across the technological land-
scape (Ji et al. 2023; Ma and Wang 2023).

Methodology
The objective of SDG is to train a model f(·; θ) : X → Y us-
ing data solely from one source domain Ds = {(xsi , ysi )}

Ns
i=1

to generalize effectively across multiple unseen target do-
mains Dt = {xti}

Nt
i=1. As the target domain data are not avail-

able during training, the optimization objective for f(·; θ)
can be mathematically formulated as follows:

min
θ

1

Ns

∑
(x,y)∈Ds

Ex̃=g(x;ψ)L(S(x̃; θ), y) (1)

where S(·; θ) denotes the specialized model to be optimized
with θ, g(·;ψ) denotes the data augmentation process (some-
times a style transfer model with ψ as parameters), L denotes
the overall loss function, and x̃ represents the augmented
single-source domain data. In this work, as shown in Fig. 3,
we aim to leverage the generalization capabilities of a univer-
sal model (denoted as U(·;ϕ)) to assist a specialized model in
achieving SDG in specific domains, and consequently revise
the optimization objective as follows:

min
θ,ϕ

1

Ns

∑
(x,y)∈Ds

Ex̃=g(x;ψ)L(S(x̃; θ),U(x̃;ϕ), y) (2)

where ϕ denotes the learnable weights corresponding to the
universal model and θ represents the specialized ones.

Model-Aware Perturbation Injection
To fully activate and enlarge the feature space of Specialiezed
(S-) and Universal (U-) models, we propose a model-aware

perturbation injector (MPI), as shown in Fig. 4-(a). This ap-
proach is primarily based on two objectives: i) Sufficient
perturbation injection is employed to maximize the diver-
sity of styles in single-source domain data. ii) The intensity
and range of injected perturbations are dynamically adjusted
based on the model’s tolerance to perturbations.
Adaptive Low-Frequency Separation. For a given interme-
diate feature Xi ∈ RH×W×C , with H , W , and C denoting
the height, width, and number of channels respectively, we
firstly perform a 2D FFT (Chi, Jiang, and Mu 2020) for each
channel independently to obtain the corresponding frequency
representations F(Xi) ∈ RH′×W ′×C′

. The Fourier transfor-
mation for each channel is computed independently to get
the corresponding amplitude Ai and phase information Pi.
To inject perturbations within the low-frequency range that
contains the style information, we introduce a learnable cir-
cular low-frequency mask Mr to obtain the LF components
as F l(Xi) = Mr

i · Ai, where Mr
i is a mask with values of 0

except in the central π · r2 region. And r is the radius factor,
determining the size of the low-frequency (LF) mask.
Model-Aware Perturbation Intensity. It’s well-known that
specialized and universal models possess differing model
capacities, prompting a critical question: What intensity of
spectral perturbations should be injected for different models
and different feature layers? To this end, we design a model-
aware perturbation injector that jointly perceives the encoder
features of both S- and U-models, and adaptively adjust the
perturbation intensities, enabling the optimal perturbation
injection for two types of models.

Specifically, we denote the features of different layers
in the U- and S-model’s encoder as {xui }

Nu

i=1 and {xsi}
Ns

i=1.
Then, a global pooling layer GAP and convolution layer
ϕ1×1 are adopted to aggregate and concatenate these features:

Xc = ϕ1×1([{GAP (xui )}
Nu

i=1 , {GAP (x
s
i )}

Ns

i=1]). (3)

where the representation Xc is further mapped into a channel-
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Figure 4: (a) The workflow of the model-aware frequency perturbation injection; (b) The enhanced Transformer block with two
Domain Expansion Adapters in our U -Model tuning.

wise value E = [e1, e2, . . . , e2c] indicative of the varied
perturbation strengths and radius between the network layers
in the U - and S-model:

E = (Sigmoid (MLP (Xc))) (4)

where the E can be divided into perturbation strength p =
E [c : 2c] and radius r = E [0 : c]. These dynamically adjusted
parameters ensure that the MPI can flexibly modulate the
perturbation intensity and range for both S- and U-models
based on the multi-scale features from them.
Frequency Perturbation Injector. We firstly model the LF
spectrum as a multivariate Gaussian distribution based on a
statistical analysis of the frequency distribution. The variance,
derived from samples, is calculated as follows:

Θ2(F l(Xi)) =
1

πr2

∑
u

∑
v

[
F l(Xi)− E[F l(Xi)]

]2
(5)

where πr2 denotes the LF region, u, v indicate the position
of spectral maps, and Θ2 reflects element variation intensity
due to domain shifts. Higher Θ2 indicates greater variability.
Then, we inject noise into the LF components that represent-
ing the style information (Guo et al. 2023):

F̃ l(Xi) = F l(Xi) + p · ζ, ζ ∼ N (0,Θ2(F l(Xi))) (6)

where ζ is a sampled Gaussian noise, and p is a matrix of
channel scores from Eq. 4. Finally, using the inverse Fast
Fourier Transform (iFFT ), we combine the perturbed LF
components F̃ l(Xi) with the high-frequency components
Fh(Xi):

X̃i = F−1([F̃ l(Xi),Fh(Xi)]) (7)

This approach effectively expands the single-source domain
training data with a learnable spectral perturbation module.

Domain Expansion Adapter for U -Model
To adapt the U-Model to the distinct characteristics of
the medical domain, we employ an Adapter-based Tuning
Method inspired by the LoRA method (Hu et al. 2021). As il-
lustrated in Fig. 4-(b), Adapter blocks are integrated into each
Vision Transformer (ViT) block, specifically after the Multi-
Head Attention (MHA) layer and the Feed Forward Net-
work (FFN), to facilitate tuning. The structure of the Adapter

block includes three components: a dimension-reducing FFN
(FFNdown), a ReLU activation function, and a dimension-
increasing FFN (FFNup). This design transforms dimensions
through the FFN layers, enabling the learning of medical
knowledge within a low-rank space. Enhancements to the
standard Transformer Layer of the ViT involve the integration
of an Adapter structure, with the modifications as follows:

X ′ = X +Adapter (MHA(LN (X ))) (8)

X o = LN(X ′) + Adapter (FFN (LN (X ′))) (9)

where X ′ represents the intermediate feature representations
after the application of the MultiHead Attention and Adapter
modules. X o denotes the output of the Transformer Layer
following the FFN and a subsequent Adapter application. The
Adapter structure is defined as follows:

Adapter(X ) = X + FFNup(ReLU(FFNdown(X ))) (10)

Here, each Adapter module consists of two FFN layers sepa-
rated by an activation function, forming a residual connection
that enhances the Transformer’s ability to adapt to nuances
in the medical data.

Collaborating Reasoning with S- & U -Models
The motivations behind collaborating reasoning are twofold:
i) to leverage the powerful generalizability of U-models to
enhance the cross-domain generalization capabilities of S-
models; ii) to utilize S-models as prompt generators, thereby
enhancing the expertise of U -models in target domains.
Adaptive Hierarchical Transfer (AHT) for S-Model. In
CollaSU-SDG framework as shown in Fig. 3, the decoder of
the S-model integrates three types of features: specialized
features {xsi}

Ns

i=1, decoder features
{
xdi

}Nd

i=1
, and universal

features {xui }
Nu

i=1. The first two types are inherent to the S-
model, while the universal features are introduced from the
U-model. We select representative hierarchical embeddings
{xui }

Nu

i=1 from U ’s backbone, where each layer’s embeddings
encompass image representations at varying scales and se-
mantic levels. Given the specialized features X s

i as a query,
AHT reasons about the relationships of the S- and U -features
to directily output the semantic enhanced universal features
X̂ u. Firstly, we process the specialized features xsi using a
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convolutional layer ϕ1×1 followed by a global average pool-
ing layer GAP to obtain the aggregated features Qi:

Qi = τ(ϕ1×1(GAP(X s
i ))), Q ∈ R1×b×c (11)

where the τ denotes the reshape operation, b and c denote the
batch size and dimension of features, respectively. Then we
concatenate the universal features {xui }

Nu

i=1:

K = cat(τ(GAP(X u
j )), K ∈ RNu×b×c (12)

Finally, a dot-product operation is adopted to generate an
association map Si, which captures the associations between
the specialized and universal feature vectors inQi and K :

Si = Softmax

(
Qi ×K⊤

√
c

)
, Si ∈ Rb×Ns (13)

At this point, the combined universal features can be cal-
culated as X̂ u = sum(Si × X u

j ). To fuse the combined
features X̂ u into the decoder of specialized model, convolu-
tional layers and linear interpolation (abbreviated as Lerp in
Fig. 3) operations are used to adjust the channel and spatial
dimensions, respectively:

X d
i+1 = Decoder(X d

i , cat(X s
i , conv(Lerp(X̂ u)))) (14)

Dynamic Dense Prompting for U -Model. For segmentation
tasks in medical SDG, two output modalities are considered:
the first utilizes a specialized model, enhanced with generic
features for direct output, and the second employs outputs
from a universal model, such as the SAM. While the spe-
cialized model directly outputs predictions, its cross-domain
generalization capability is generally weaker compared to
SAM. However, SAM typically requires interactive inputs,
such as point or box prompts, for specific target segmenta-
tion. In this work, we have developed a strategy employing
Dynamic Dense Prompting (DDP) by the specialized model
to guide SAM, aiming to enhance SAM’s segmentation pre-
cision without requiring manual intervention for each image.

In the decoder of specialized model, the feature maps of
the final layer are strongly correlated with the categories: the
model applies a convolution layer followed by a sigmoid
activation function directly to the feature maps to generate
per-pixel predictions. Therefore, we propose using the final
layer’s feature maps as prompt information to substitute for
the learnable dense embeddings in SAM, thereby guiding
SAM’s output. The specific operations are as follows:

Yu = U(X ,PromptEncoder(Conv(X d));ϕ) (15)

where Yu and ϕ denotes the segmentation results and weights
of the universal model U(·), X denotes the perturbated fea-
tures and X d represents the dynamic dense prompt from the
specialized model.

Training Objective
In this work, two distinct loss functions are employed: seg-
mentation loss LUseg for the U-model and segmentation loss
LSseg for the S-model. The segmentation loss Lseg comprises
a combination of Dice loss Ldice and Cross-Entropy loss Lce.

Task Prostate Segmentation
Avg.

Single Seen Site D1 D2 D3 D4 D5 D6

DSC↑
CSDG (Ouyang et al. 2022a) 80.72 68.00 59.78 72.40 68.67 70.78 70.06
MaxStyle (Chen et al. 2022) 81.25 70.27 62.09 58.18 70.04 67.77 68.27
EFDM (Zhang et al. 2022) 80.87 69.78 63.16 65.39 69.84 67.15 69.37
SLAug (Su et al. 2022b) 81.20 69.32 60.92 73.72 67.15 71.93 70.71
TriD (Chen et al. 2023) 81.50 70.28 62.89 74.52 72.12 69.11 71.74
MAD (Qu et al. 2023) 80.87 69.78 63.16 65.39 69.84 67.15 69.37

Med-SAM-full (Ma et al. 2024) 77.82 73.19 65.46 71.04 75.02 72.94 72.58
SAM-full (Kirillov et al. 2023a) 72.32 73.31 61.53 64.46 68.89 61.39 66.98

84.76 83.21 70.58 85.46 81.55 82.20 81.29
CollaSU-SDG (Ours)

+3.26 +9.90 +5.12 +10.94 +6.53 +9.26 +8.39

Table 1: Performance Comparison of our CollaSU-SDG with
SOTA methods on Prostate segmentation task.

Thus, our overall optimization objective can be expressed by
the following equation:

Lseg = Ldice + Lce,Ltotal = λUsegLUseg + λSsegLSseg (16)

where λUseg and λSseg are hyperparameters to balance the
weights of the loss between the S- and U-Models. A de-
tailed discussion of the hyperparameters for the loss terms is
provided in Ablation Studies Section. Based on the experi-
ments, we set λUseg and λSseg to 1 and 0.1, respectively. During
inference, all the perturbation operations are removed.

Experiments
Experimental Setup
We introduce three representative medical image segmen-
tation tasks: Prostate, Fundus and Polyp segmentation task,
following (Liu, Dou, and Heng 2020; Chen et al. 2024), to
validate the effectiveness of our method. We use a universal
model based on SAM-b and a specialized model based on
ResNet34 Unet (Ronneberger, Fischer, and Brox 2015). To
further validate the generality of our proposed Collabora-
tive framework, we provide experimental results of various
S models (such as transformer) in the appendix. The Dice
score metric (DSC) and Average Surface Distance (ASD) are
utilized for evaluation on fundus and prostate dataset. The
DSC, enhanced-alignment metric (Emaxθ ) (Fan et al. 2018),
and structural similarity metric (Sα) (Cheng and Fan 2021)
are utilized for evaluation on polyp dataset.

Main Results
We extensively select domain generalization methods from
both the medical field and the natural image domain as com-
parisons to demonstrate the superiority of our approach, such
as ERM setting: learning a model on a single source domain
without any generalization techniques, some feature pertur-
bation methods: MixStyle (Zhou et al. 2021), MAD (Qu et al.
2023), DSU (Li et al. 2022) and TriD (Chen et al. 2023);
some medical SDG methods: CSDG (Ouyang et al. 2022a),
MaxStyle (Chen et al. 2022) and SLAug (Su et al. 2022b).
Additionally, we select several segmentation works based
on SAM such as Vallina SAM (Kirillov et al. 2023a) and
MedSAM (Ma et al. 2024) for further fairness comparison.
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Methods
Optical Disc / Cup Segmentation (DSC↑)

Avg. ↑
Optical Disc / Cup Segmentation (DSC↑)

Avg. ↑
D1 D2 D3 D4 D5 D1 D2 D3 D4 D5

Optical Disc DSC (↑) Optical Cup DSC (↑)
MixStyle (Zhou et al. 2021) 75.67 83.35 82.86 68.86 79.54 78.06 60.84 62.60 73.77 61.44 66.79 66.73
CSDG (Ouyang et al. 2022b) 78.40 82.02 81.46 75.51 81.09 79.70 65.11 70.79 76.19 65.26 65.28 68.53
MaxStyle (Chen et al. 2022) 77.40 80.95 79.59 76.69 81.95 79.32 65.44 67.62 74.52 66.05 64.84 67.10
SAN-SAW (Peng et al. 2022) 76.42 80.79 81.17 78.83 78.00 79.04 59.01 65.51 73.23 62.36 64.42 64.31

EFDM (Zhang et al. 2022) 78.83 84.83 82.25 82.13 81.45 81.90 62.75 65.94 72.20 61.62 63.02 64.10
DSU (Li et al. 2022) 76.88 82.17 81.12 82.36 83.09 81.12 61.26 70.16 74.10 63.19 59.65 65.67

SLAug (Su et al. 2022b) 79.83 83.42 83.18 81.17 83.57 82.23 64.53 71.30 75.94 64.52 67.12 68.28
TriD (Chen et al. 2023) 78.35 82.19 83.62 80.18 81.65 81.12 66.67 70.85 74.13 67.53 66.96 69.23
MAD (Qu et al. 2023) 80.63 82.10 80.37 82.08 80.31 81.10 67.14 66.57 72.40 68.38 69.37 68.77

Med-SAM-full (Ma et al. 2024) 80.00 81.99 80.83 78.45 78.05 79.86 62.55 64.99 65.28 65.46 63.20 64.31
SAM-full (Kirillov et al. 2023a) 75.74 73.49 76.39 77.63 74.42 75.73 61.75 64.42 64.56 64.78 62.98 63.70

91.58 89.07 92.37 88.41 89.09 90.10 79.87 75.25 82.54 75.35 76.45 77.89
CollaSU-SDG (Ours)

+10.95 +4.24 +8.75 +6.05 +6.00 +7.20 +12.73 +3.95 +6.35 +6.97 +7.08 +7.42

Table 2: Performance Comparison of our CollaSU-SDG with SOTA methods on Fundus segmentation task.

(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 5: Comparisons across different SDG Methods: fun-
dus (top rows), prostate (third rows) and Polyp (last rows)
with ground truth (b) and predictions (c-i). The subfigures
(a) to (g) correspond to: (a) input image, (b) ground truth, (c)
CollaSU-SDG, (d) MedSAM (Ma et al. 2024), (e) MAD (Qu
et al. 2023), (f) TriD (Zhou et al. 2021), (g) SLAug (Su et al.
2022b), (h) CSDG (Xu et al. 2020) and (i) baseline.

As mentioned in the Introduction section, we cannot obtain
the ground-truth bounding box as a prompt during the testing
phase in practical medical applications. Therefore, the SAM
and Med-SAM were implemented in the whole box mode
termed as "SAM-full" and "MedSAM-full".

Tab. 1, Tab. 2 and Tab. 3 illustrate the quantitative results
of compared methods on the prostate, fundus and polyp task,
respectively. The results demonstrate that our method outper-
forms other SDG-based methods on all segmentation metrics
(DSC,Emaxθ and Sα) across three tasks as shown in the Fig. 2
(a). Fig. 5 shows a visual comparison of segmentation results
with other methods. It is clearly observed that our method
generates few misclassified predictions in the unseen target
domain with varying morphologies and styles.

Ablation Studies
Our collaborative framework achieves robust generalization
in the medical SDG segmentation task, demonstrating signif-
icant potential. To thoroughly investigate the effectiveness of
different components, we designed extensive ablation experi-

Figure 6: (a) Ablation study of different perturbation methods
in the feature space of the specialized and universal model
on two datasets. (b) Ablation study of our MPI in input space
on two datasets. (Blue/red denote fundus/prostate datasets.)

ments. Additionally, in the appendix, we analyze more detail
settings of the proposed method.
Impact of Adapter Tuning for VFM. In Variant 2 of Tab. 4,
we demonstrate the impact of Adapters in the CollaSU-SDG.
By incorporating two effective Adapters, our method shows
significant improvements across all evaluation metrics. These
results indicate that injecting the medical scene information
and knowledge into the visual fundamental model is both
necessary and highly effective.
Collabrating v.s. Fintuning. To validate the advantages of
our collabrating-based approach, we compared it with state-
of-the-art fine-tuning methods for visual foundation mod-
els (VFMs), focusing on the "Collabrating vs. fine-tuning".
For example, we considered methods like LoRA (Hu et al.
2022) Adapter (Wu et al. 2023) and Rein (Wei et al. 2024).
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Methods
D1 D2 D3 D4 Average

DSC Emax
ϕ Sα DSC Emax

ϕ Sϕ DSC Emax
ϕ Sϕ DSC Emax

ϕ Sα DSC Emax
ϕ Sα

MixStyle (Zhou et al. 2021) 74.05 83.93 81.02 69.59 82.77 79.69 67.37 80.58 77.38 72.74 83.68 82.58 70.94 82.74 80.17
CSDG (Ouyang et al. 2022b) 73.86 81.59 80.36 68.54 80.10 81.34 67.32 81.28 77.14 70.38 80.36 80.78 70.03 80.83 79.91
MaxStyle (Chen et al. 2022) 74.73 82.21 80.41 69.07 80.56 80.70 68.75 80.33 79.21 71.38 80.49 80.03 70.98 80.90 80.09
EFDM (Zhang et al. 2022) 72.52 82.60 80.37 69.39 79.08 79.59 69.98 80.86 78.67 73.27 82.01 82.88 71.29 80.86 78.77
SLAug (Su et al. 2022b) 74.89 82.14 78.29 70.87 79.12 75.35 71.69 80.87 80.26 72.48 81.67 81.13 72.48 80.95 78.89
TriD (Chen et al. 2023) 73.44 81.32 79.63 71.88 78.56 77.35 70.75 80.73 76.21 73.53 81.02 80.53 72.40 80.41 78.43
MAD (Qu et al. 2023) 77.35 82.75 82.49 72.46 80.03 78.83 71.32 81.73 80.37 73.48 81.94 80.62 73.65 81.61 80.58

Med-SAM-full (Ma et al. 2024) 64.27 77.31 72.96 67.32 79.38 76.21 70.53 82.73 81.54 69.41 81.65 80.76 67.88 80.27 77.87
SAM-full (Kirillov et al. 2023a) 60.73 74.86 73.51 62.31 75.98 74.47 65.79 78.73 76.57 68.78 80.36 79.27 64.40 77.48 75.96

83.52 90.65 86.47 76.72 87.19 83.83 77.32 87.20 83.24 79.71 90.07 86.40 79.32 88.55 83.92
CollaSU-SDG

+6.17 +6.72 +3.98 +4.26 +4.42 +2.49 +6.00 +4.47 +1.70 +6.23 +6.06 +3.52 +5.67 +6.19 +3.34

Table 3: Performance Comparison of our CollaSU-SDG (Ours) with SOTA methods on Polyp segmentation task.

EDA MPIS MPIU AHT DDP Fundus Prostate
Baseline - - - - - 67.53 48.75
Variant 1 - - - - ✓ 82.23 79.13
Variant 2 ✓ - - - ✓ 82.57 79.63
Variant 3 - ✓ - - ✓ 82.38 79.38
Variant 4 - - ✓ - ✓ 82.65 79.59
Variant 5 - - - ✓ ✓ 82.78 79.67

CollaSU-SDG ✓ ✓ ✓ ✓ ✓ 84.00 81.29

Table 4: Ablation experiments in CollaSU-SDG for the Fun-
dus and Prostate segmentation tasks.

Method VFM-arch publications Fundus Polyp
LoRA (Hu et al. 2022) SAM-b ICLR22 77.89 72.78

Adapter (Wu et al. 2023) SAM-b Arxiv23 78.53 73.43
Rein (Wei et al. 2024) SAM-b CVPR24 80.36 75.35

Collabrating-only SAM-b - 82.78 77.69
CollaSU-SDG SAM-b - 84.00 79.32

Table 5: Ablation experiments comparing Collabrating-only
and fine-tuning-only approaches for the Fundus segmentation
and Polyp segmentation tasks.

Specifically, we removed the perturbation and tuning com-
ponents and used only the Collabrating aspect for compar-
ison with other methods. As shown in Tab. 5, our method
outperforms other advanced fine-tuning approaches on both
datasets, showing the superiority of the Collabrating concept.
Effect of Perturbation Injection. Firstly, we tested different
perturbation schemes in Fig. 6 (a), such as MixStyle, TriD,
and DSU (Li et al. 2022). We found that all perturbation
schemes improved the models’ segmentation performance,
indicating that feature-level perturbations can help visual
foundation models combat inter-domain drift in single-source
domain generalization. In addition, we experimented with
injecting perturbations into the feature space of both special-
ized and universal models. As shown in Fig. 6 (b), the highest
segmentation performance is achieved when the spectral per-
turbation is injected simultaneously into both the specialized
and universal models. This demonstrates that the perturbation
enhances the resilience of both models to inter-domain shifts,
thereby facilitating better collaboration.
Effect of Dense Prompt Strategy. From variant 1 in Tab.

4, it is observable that the inclusion of the Dynamic Dense
Prompting (DDP) strategy significantly enhances the model
segmentation performance. This improvement is likely due
to the fact that DDP injects dense semantic prompts from the
specialized model into the decoder of the foundation model,
aiding the foundation model in better understanding the se-
mantic information distribution of the feature embeddings,
thereby producing more reliable segmentation masks.
Effect of Adaptive Hierarchical Transfer (AHT) for a
Specialized Model. From the ablation variant 4 and vari-
ant 5 in the tab. 4, it is evident that omitting the multi-scale
fusion strategy results in a significant decrease in segmenta-
tion performance. This may be attributed to our collaborative
framework’s reliance on domain knowledge exchange be-
tween the specialized and universal models. Initially, the
universal model transmits multi-scale semantic features to
the specialized model, aiding it in combating domain shifts.

Conclusion
In this work, we introduce a collaborative reasoning method
between Specialized and Universal models for Single Domain
Generalization (CollaSU-SDG) in bridging the modality gap
between universal and medical imaging domains. By effec-
tively tuning VFMs with domain-specific medical images,
we adapt these models to function robustly across diverse
medical imaging contexts. Additionally, the introduction of
frequency-domain perturbations enhances the resilience of
the models against out-of-distribution data, further bolstering
their generalization capabilities. The implementation of a
dynamic dense prompt method facilitates a seamless collabo-
ration between the specialized and universal models, elimi-
nating the need for explicit points or bounding boxes from
manual guidance. We hope the CollaSU-SDG framework can
provide new perspectives for future research in the single
domain generalization fields.
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