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Abstract

Despite domain generalization (DG) has significantly
addressed the performance degradation of pre-trained mod-
els caused by domain shifts, it often falls short in real-
world deployment. Test-time adaptation (TTA), which ad-
justs a learned model using unlabeled test data, presents
a promising solution. However, most existing TTA meth-
ods struggle to deliver strong performance in medical im-
age segmentation, primarily because they overlook the cru-
cial prior knowledge inherent to medical images. To ad-
dress this challenge, we incorporate morphological infor-
mation and propose a framework based on multi-graph
matching. Specifically, we introduce learnable universe em-
beddings that integrate morphological priors during multi-
source training, along with novel unsupervised test-time
paradigms for domain adaptation. This approach guar-
antees cycle-consistency in multi-matching while enabling
the model to more effectively capture the invariant priors of
unseen data, significantly mitigating the effects of domain
shifts. Extensive experiments demonstrate that our method
outperforms other state-of-the-art approaches on two med-
ical image segmentation benchmarks for both multi-source
and single-source domain generalization tasks. The source
code is available at https://github.com/YoreO/TTDG-MGM.

1. Introduction

In the field of medical image processing, semantic segmen-
tation is a technique that enables the precise identification
and quantitative analysis of target regions. Currently, a con-
siderable number of medical models can effectively perform
segmentation tasks [1, 29]. Nevertheless, when pretrained
on source datasets, their performance often declines in real-
world deployment due to domain shifts [31, 72] caused
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Figure 1. Illustration of multi-graph matching using the universe
of nodes. (a) Direct pairwise matching between graphs 1, 2, and 3.
(b) Multi-graph matching with the universe of nodes. (c) Equiva-
lence between (a) and (b) (see Lemma 1 in Sec. 2.1 for details).

by differences in imaging devices, protocols, patient de-
mographics, and preprocessing methods, which impact the
model’s generalization ability. To address domain shifts,
previous researches in domain adaptation, such as domain
generalization (DG) [57, 68, 75], have focused on design-
ing sophisticated models that train jointly on source and tar-
get domains or across multiple styled domains. Despite the
progress, these methods fall short in practice, as no source
domains can fully capture all real-world variations, and re-
training for each new data is impractical. Consequently, a
more practical approach is to adaptively fine-tune pre-train
model using the information from the unlabeled unseen data
during the test, which is referred to test-time adaptation
(TTA) [27].

Medical images, due to their reliance on specific physical
principles (such as X-ray absorption [10], magnetic reso-
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nance [53], sound wave reflection [54], etc.), are fundamen-
tally different from images capturing visible light in natu-
ral scenes. Moreover, the physiological characteristics of
specific anatomical regions exhibit relatively stable shapes
and spatial layouts, and the morphology of these structures
is predictable [41, 42]. These prior insights provide valu-
able information that is particularly useful in medical imag-
ing tasks. In areas such as segmentation [28, 67], regis-
tration [20], and detection [41, 42], many well-established
approaches have been proposed that combine above hand-
crafted designs with neural network-based methods.

We combine the aforementioned TTA strategies with the
prior knowledge of medical images and design a novel Test-
Time Domain Generalization (TTDG) framework utilizing
graph structures. The construction of graph enables a more
robust representation of the morphological priors inherent
to medical images. In complex medical scenarios, the ag-
gregation mechanism of nodes and edges in graph ensures
the effective preservation of crucial contextual informa-
tion. Previous research has utilised pairwise graph match-
ing [26, 42, 46] to address domain shifts in medical imag-
ing. However, these methods are limited to aligning fea-
tures between two domains, which poses challenges in sce-
narios involving multiple domains commonly encountered
in real-world settings. Multi-graph matching overcomes
these limitations by establishing connections between mul-
tiple graphs and integrating information from diverse do-
mains, thereby enabling the capture of more intricate pat-
terns and structural relationships while maintaining cross-
domain consistency. This process facilitates the acquisition
of global invariant features from medical images.

In multi-graph matching, the universe of nodes [39, 55]
represents the full-set of the nodes from all graphs (refer
to Fig. 1). The aforementioned morphological priors are
embedded into this universe, derived from a multitude of
hospitals, devices, and modalities. It offers three main
advantages: (1) Cross-domain consistency. By mapping
the nodes from different graphs into the universe, we en-
sure that all graphs are aligned according to the same ref-
erence standard, i.e. the priors. (2) Cycle-consistency
in multi-graph matching. This guarantees global coher-
ence across multiple graphs, avoiding conflicts in local node
alignments. (3) Handling partial matching and missing
nodes. Even when certain nodes are absent in some graphs,
matching them to virtual nodes in the universe addresses the
issue, enhancing robustness to incomplete graph structures.

Our contributions can be summarized as follows:

* We propose the first (to our best knowledge) multi-graph
matching framework for test-time domain generalization
in medical image segmentation tasks, effectively miti-
gating performance degradation caused by domain shifts
during the testing phase.

* By designing learnable universe embeddings, we inte-

grate the morphological priors of medical images into the
graph matching process during source training, while en-
suring the cycle-consistency constraint. This approach
enables joint optimization and promotes the learning of
domain-invariant features.

* We design a novel, well-initialized unsupervised test-
ing adaptation paradigm that integrates prior knowledge
and allows seamless deployment during adaptation, ef-
fectively addressing domain shifts.

* We conduct extensive experiments on two typical med-
ical datasets, demonstrating that our method performs
competitively against state-of-the-art approaches for both
multi-source and single-source domain generalization.

2. Preliminary & Related Work

The following section will introduce the preliminaries of
multi-graph matching, while also reviewing the most rel-
evant existing literature on the subject. Subsequently, do-
main generalization and test-time adaptation will be dis-
cussed.

2.1. Multi-Graph Matching

We consider m € N different graphs Gi,Go, - ,Gm,
i € [m], [m] .= {1,---,m}. Foreach G; = (V;, A;),
V; € R™*" represents the h-dimensional feature of n;
nodes, and adjacency matrix A; € R™*" encodes the con-
nectivity between nodes, represented as the set of edges.
For any two graphs G; and G;, the set of n; X n; partial
permutation matrices Py, ,,, is defined as

Py, == {X € {0,1}"" : X1, <1,,X"1,, <1, },

ey
where 1,,, denotes a n;-dimensional column vector whose
elements are all ones. The assignment matrix X;; € Py, p,
between a pair of graphs (G;, G;) denotes a meaningful cor-
respondence that encodes the matching.

When considering the synchronisation matching [30, 39]
of multiple graphs (m > 2), relying on local matches be-
tween graph pairs can readily result in erroneous corre-
spondences that contradict each other globally [63]. Con-
sequently, the multi-graph matching has been addressed in
terms of simultaneously solving under the constraints of
cycle-consistency [64, 65].

Definition 1 Cycle-consistency. The matching among
G1,G2, -+ , G, is cycle-consistent (partial transitivity), if

XX < Xy, Vi, j, k € [m]. 2

In contrast to full matching, i.e. in Eq. (2) the inequal-
ities become equalities and n; = n;, partial matching re-
quires only that the pairwise matching combinations in the
cycle form a subset of the identity matching [3]. An iterative
refinement strategy [34] was employed to enhance pairwise
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matchings by ensuring global mapping consistency. In [39],
the authors proposed a method to achieve cycle-consistency
based on spectral decomposition of the assignment matrix.
In addition, methods such as convex programming [7], low-
rank matrix recovery [76], and spectral decomposition [30]
have been proposed to address the synchronization of par-
tial matchings.

Instead of explicitly modeling the cubic number of non-
convex quadratic constraints, a more efficient approach to
enforcing cycle consistency is the use of the universe of
nodes [55]. In a universe comprising nodes of size d € N,
the matching between graphs can be decomposed by match-
ing each graph G; to the space of universe (refer to Fig. 1).
We denote the universe matchings as follows:

Up,q:={Uc{0,1}"*% . U1, =1,,,U"1,, <14}.
3)
Lemma 1 Cycle-consistency, universe matching. The
pairwise (partial) matching matrices {X;;}1" _; is cycle-
consistent iff there exists a collection of universe match-
ing {U; € U,,qa}™ 4, such that for each X;;, it holds that
X;; = U,Uj.

The proof will be presented in the appendix. By pro-

jecting each node of a graph to the universe of nodes and
identifying the universe matchings U,,,4, it is ensured that
the cycle-consistency constraint will be satisfied through-
out the multi-graph matching process. In [59, 61], the au-
thors proposed a gradual assignment procedure to achieve
soft matching and clustering through the universe match-
ing. In [4], the universe of nodes is leveraged to incorporate
geometric consistency, ensuring both point scaling and con-
vergence. [36] utilized the universe matching to facilitate
effective partial multi-graph matching.
Definition 2 Multi-Matching Koopmans-Beckmann’s
Quadratic Assignment Problem (KB-QAP) [21]. Multi-
graph matching is formulated with KB-QAP, by summing
KB-QAP objectives among all pairs of graphs:

max Y (- r(XLAXA) +r(X[My)), @)
Y ij€lm]

s.t. X” S {07 l}n’ixnjyxij S I[Dninja
Xix Xy < Xij, Vi, j, k€ [m].

In Eq. (4), A is a scaling factor for edge-to-edge similarity,
and M;; is the node-to-node similarity between G;, G;.

2.2. Domain Generalization

Domain generalization addresses a challenging scenario
where one or more different but related domains are pro-
vided, with the objective of training a model that can gen-
eralize effectively to an unseen test domain [57, 68, 75].
Medical image analysis encounters significant challenges
due to factors such as variability in image appearance, the

complexity and high dimensionality of the data, difficulties
in data acquisition, and issues related to data organization,
labeling, safety, and privacy. Previous research has pro-
posed DG algorithms across multiple levels, including data-
level [69, 71], feature-level [5, 24], model-level [16, 40, 78],
and analysis-level [28, 43]. Yu et al. [69] proposed a U-
Net z-score nomalization network for the stroke lesion seg-
mentation. Liu ef al. [28] employed dictionary learning for
prostate and fundus segmentation by creating a shape dic-
tionary composed of template masks. In [5], the authors uti-
lized mutual information to differentiate between domain-
invariant features and domain-specific ones in ultrasound
image segmentation. Gu et al. [16] proposed a domain-
style contrastive learning approach that disentangles an im-
age into invariant representations and style codes for DG.

2.3. Test-Time Adaptation

Test-time adaptation is an emerging paradigm that allows
a pre-trained model to adapt to unlabeled data during the
testing phase, before making predictions [27]. Several
TTA methods have been proposed recently, utilizing tech-
niques such as self-supervised learning [6, 22, 73], batch
normalization calibration [8, 32, 47, 70, 77], and input
data adaptation [19, 49] to achieve better test-time perfor-
mance. Typically, VPTTA [8] is a method that freezes the
pre-trained model and generates low-frequency prompts for
each image during inference in medical image segmenta-
tion. In [19], the authors proposed designing two CNN-
based sub-networks along with an image normalization net-
work. During test-time training, the image normalization
network was adapted for each image. [70] proposed a dy-
namic mixture coefficient and a statistical transformation
operation to adaptively merge the training and testing statis-
tics of the normalization layers. Additionally, the authors
design an entropy minimization loss to address the issue of
domain shifts.

3. Methodology

This section provides an overview of how multi-graph
matching methods can facilitate training for TTDG tasks.
Given inputs consisting of images from .S source domains
(S > 1), denoted as Dy, = {D1,Ds,---,Dg}, the ob-
jective is to enable the model to make more accurate pre-
dictions on T unseen target domains (7" > 1), denoted as
Dy ={D1,Ds, -, Dr}, during the testing phase.
Inspired by [41], we aim to effectively leverage morpho-
logical prior through graph construction. However, unlike
the UDA tasks, which typically involve only two domains,
our training process simultaneously handles multiple la-
beled domains. Pairwise matching across multiple domains
can lead to the challenges discussed in Sec. 1. To tackle
this, we propose learning domain-invariant latent represen-
tations from a multi-graph matching perspective, thereby
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Figure 2. Overview of our TTDG framework. During source model training, data from different domains are jointly used to train the
Segmentation Network (feature extractor and segmentation head). Feature maps and ground truth masks are utilized to construct graphs G;
(¢ = 4 in this figure legend) and corresponding labels Y; (Sec. 3.1), with universe embeddings learned via back-propagation, incorporating
morphological priors (Sec. 3.2). At test time, multi-graph matching is performed on all target domain images in each batch. Despite
style differences, these images share common morphological patterns. Universe embeddings are frozen as prior knowledge to guide the
matching, and the segmentation network is fine-tuned via back-propagation for efficient adaptation (Sec. 3.3).

facilitating rapid adaptation to unseen domains during the
TTA phase.

3.1. Construction of Graph

Rather than using conventional graph-matching algorithms
that depend on explicitly defined keypoints as graph
nodes [14, 58, 60], accurately annotating keypoints in med-
ical imaging is both more costly and less practical than in
natural images. Therefore, given a mini-batch {z;}", €
Dy, as shown in Fig. 2, it is first passed through a general
feature extractor, such as ResNet [17], to obtain visual fea-
tures. We then perform spatially-uniform sampling [25] of
pixels within the ground-truth masks at each feature level
to obtain n; foreground nodes with its corresponding labels
Y, € Z™. After extracting these fine-grained visual fea-
tures, we employ a nonlinear projection to transform the

visual space into the h-dimensional graph space. This ap-
proach generates the feature of nodes {V; € R™>*"}™ | that
more effectively preserve the semantic characteristics.

For the weighted adjacency matrix encoding structural
information, we use Dropedge [44] to reduce potential bias
caused by the frequent visual correspondences, preventing
the model from over-relying on specific matches. The for-
mulation is as follows:

A; = Dropedge{softmaz[V;\W, - V;W,)T| © D'},

®)

where W, and W, are two learnable linear projection,
T

D= % is the cosine distance matrix. Edges with larger
weights indicate nodes that are closer to each other, so we
use the inverse of D and apply the hadamard product ® to
combine node similarity with geometric proximity. The di-
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agonal elements of A; are set to zero. Based on the above
steps, we obtain a corresponding graph G; = (V;, A;) for
each input x;.

3.2. Formulation of the Universe Embeddings

In Sec. 2.1, it was demonstrated that by matching each node
of a graph to the universe of nodes, we can maintain cycle-
consistency while avoiding the computational burden as-
sociated with cubic non-convex constraints. While a ran-
domly initialized matrix can learn accurate universe match-
ings U,,q in a supervised setting, we introduce universe
embeddings 4 € RY*" which serve as learnable latent rep-
resentations to enhance adaptability in unsupervised multi-
domain scenarios.

U is initialized as 1/d + 10732, where z ~ N(0, 1), fol-
lowing the setting in [59]. For each G;, we learn a unique
matching between nodes in V; and the corresponding in the
universe of nodes, as follows: U; = Sinkhorn(V; U7, 7) €
Uy, 4. Sinkhorn(X, T) refers to the Sinkhorn algorithm [9,
51], which applies a relaxed projection with entropic reg-
ularization [15] to normalize the matrix X, resulting in a
doubly-stochastic matrix, and 7 € (0, +00) is the regular-
ization factor. For the obtained U;, the d x d matrix UiT A;U;
is a row and column reordering of A; based on the universe
of nodes. Accordingly, the agreement between two adja-
cency matrices 4; and A;, reordered according to their re-
spective universe matching assignment matrices U; and Uj,
can be quantified using the Frobenius inner product namely
(UT AU UTAU). Let U = [UT, -+ UL]T € R™9,
where n = Z:’;l n;. The block-diagonal multi-adjacency
matrix is defined as A = diag( A1, -+, Ap) € R™™™. We
can get the multi-matching formulation as:

f(U) := max Y (U AULUTAU;)
""""" i,j€[m]
= max tr(UTAUUTAU). (6)
UeU

It was observed that in the original multi-graph match-
ing optimization problem, graphs are typically constructed
for each individual instance, with all the nodes within a
graph belonging to the same category. However, in med-
ical imaging, constructing separate graphs for each organ
would not only greatly increase the computational complex-
ity of graph matching but also result in misalignments be-
tween graphs from different categories, significantly com-
promising matching accuracy. To address this limitation,
we introduce a class-wise similarity matrix W to incorpo-
rate class-aware label information for each node. This en-
sures that the nodes are correctly aligned according to their
respective categories during multi-graph matching. Specif-
ically, we define W;; = Y;V;' and W = [W];; €
732X (252 mi) - The class-aware similarity matrix
A = WTAW. Consequently, Eq. (6) can be transformed

into the following form

max tr(UTAUUTAU). (7
UecU
The higher-order projected power iteration (HiPPI) [4]
is employed to iteratively solve U to obtain a stable conver-
gence form:

1Uf =07 <6, Yielm]. (¥

Empirically, we set the convergence threshold § = 1075,
In order to guarantee the optimal learning of universe em-
beddings U/, we incorporate the non-negative matrix factori-
sation (NMF) [3, 23] and define the overall optimization
objective as:

L) = Y U; =vid" [z + o]z )

1€[m]

where || - ||% represents the Frobenius norm, and « is a
tuning parameter. Since only matrix multiplication and
element-wise division are involved, the Sinkhorn operation
is fully differentiable. This allows for effective updates to
U through back-propagation, enabling the incorporation of
morphological prior knowledge.

3.3. Testing Paradigm on the Target Domains

During the Test-Time Adaptation (TTA) phase, we only
have access to unlabeled data from the unseen target do-
mains D;. Due to distribution shifts, the performance of
models trained on D, can degrade significantly. To ad-
dress this issue, we employ the multi-graph matching on
each mini-batch {z!}, € D,. By utilizing universe em-
beddings U learned from D, as described in Sec. 3.2, it is
guaranteed cycle-consistency, enabling the network to fo-
cus on domain-invariant features guided by morphological
priors from medical images. In this phase, I/ is frozen to
prevent error accumulation from affecting the prior infor-
mation. The feature extractor and segmentation head (seg-
mentation network in Fig. 2) are optimized through gradient
back-propagation, allowing the model to adapt effectively
to the new domains.

Unsupervised Multi-Matching. Following the same graph
construction described in Sec. 3.1, we obtain the gf =
(VE, AY) for each x!, where V! € R™*" represents the
n; class-aware nodes and A! € R"™*" is the adjacency
matrix encoding the structural information. We first intro-
duce a network-learned affinity matrix M;; = fo, {VIWL-
(V;W;)T} € R™ " in graph pair G; and G;, which com-
putes the similarity between their corresponding node fea-
tures. W. and Wé are two learnable linear projection,
fmip 1s a multi-layer perception (MLP). Subsequently, the
matching between G; and the universe of size d is obtained
through the inner-product between V! and the pre-trained
universe embeddings U/, in accordance with the same pro-
cedure U; = Sinkhorn(V: UT,7) € U,,,q in Sec. 3.2.
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In [59, 61], the authors propose solving the multi-
matching KB-QAP problem presented in Eq. (4) (denoted
as J) using a Taylor expansion. Based on the assumptions
in Lemma 1 of Sec. 2.1, we can reformulate J in Taylor
series as follows:

JU) = IV +3 g—[‘]]

%

(U =UX) +---. (10)
U=Uo

J can be approximated as m linear optimization prob-
lems through the first-order Taylor expansion, which can be
efficiently solved using the Sinkhorn. The gradient of J
with respect to U;, denoted as

0J
Vi=op = > QAUUTAU; + MUy, (1)
b geim
V; ensures that U; gradually converges to a high-quality dis-
crete solution.
Finally, the converged {U;} fine-tune the segmentation

network with the matching 1oss L4+

Loat = 3 [—M]j(l —U,U7) 1og(UiU]T)}

i,j€[m]

- Y [0 - AT egt - voh)], a2

i,j€[m)]

where M;; = sinkhorn(M;;, 7), and 7y is an amplification
factor. See algorithm in appendix for full details.

4. Experiments
4.1. Datasets

The retinal fundus segmentation datasets comprise
five public datasets from different medical centers, de-
noted as Site A (RIM-ONE [13]), B (REFUGE [37]), C
(ORIGA [74]), D (REFUGE-Test [37]), and E (Drishti-
GS [52]), with 159, 400, 650, 800, and 101 images respec-
tively, all consistently annotated for optic disc (OD) and op-
tic cup (OC) segmentation. We adopted the preprocessing
method outlined in [8, 28], where each image’s region of in-
terest is cropped to 800 x 800 pixels and normalized using
min-max normalization.

The polyp segmentation datasets consist of four pub-
lic datasets collected from different medical centers,
denoted as Site A (BKAI-IGH-NEOPolyp [33]), B
(CVC-ClinicDB/CVC-612 [2]), C (ETIS [50]), and D
(Kvasir [18]), containing 1000, 612, 196, and 1000 images,
respectively. We followed the preprocessing steps in [8], re-
sizing the images to 800 x 800 pixels and normalizing them
using ImageNet-derived statistics.

4.2. Experimental Setup

Implementation Details. To ensure a fair comparison
across all methods, we followed the protocol in [8] and

split each dataset into an 8 : 2 ratio for training and testing.
We employed the ResNet-50 [17] pre-trained on ImageNet
as the feature extractor. The training was optimized using
the SGD optimizer with a momentum of 0.9 and a learn-
ing rate of 0.001. For source model training, we set the
mini-batch size to 8, allowing simultaneous matching of 8
graphs per batch. The universe embedding I/ was treated
as an additional trainable tensor, integrated into the net-
work weights without influencing subsequent experiments
with other methods. During the TTA phase, all methods
were trained on the target data without access to their la-
bels. The mini-batch size was set to 4, and the previously
learned U/ from source model training was frozen. All ex-
periments were implemented using PyTorch and conducted
on 4 NVIDIA 3090 GPUs.

Evaluation Metrics. The Dice score (DSC, %) was used to
quantify the accuracy of the predicted masks, serving as the
primary metric for evaluating segmentation performance.
Additionally, the enhanced alignment metric EZ*** [12]
was adopted to measure both pixel-level and global-level
similarity. To further assess the consistency between pre-
dictions and ground truths, we also employed the structural
similarity metric S, [11].

4.3. Experimental Results

We selected U-Net [45] as the benchmark model for the seg-
mentation task, training it on the source domains and testing
on the target domain without adaptation (No Adapt). In ad-
dition, we compared eight state-of-the-art (SOTA) methods,
including two entropy-based approaches (TENT [56] and
SAR [35]), a shape template-based method (TASD [28]), a
dynamically adjusted learning rate method (DLTTA [66]),
batch normalization-based methods (DomainAdaptor [70],
VPTTA [8]), and noise estimation-based approaches (DeY-
Net [62] and NC-TTT [38]).

Multi-Source Generalization. In these experiments, we
adopted a leave-one-out training strategy [6] (i.e., with S =
|DsUD;|—1and T = 1). Although some methods, such as
TASD [28], DeY-Net [62] and VPTTA [8], were originally
designed for single-source domain training, we simulated
single-domain conditions by mixing multi-source domain
data, making the experimental setup still feasible for these
approaches. Furthermore, we have also included experi-
ments specifically focused on single-source domains later
in the study. The segmentation results for the fundus and
polyp datasets are shown in Tables 1 and 2, respectively.
For OD/OC segmentation, all TTA methods outperformed
the No Adapt baseline, highlighting their effectiveness in
addressing domain shifts. Comparatively, our method con-
sistently achieved better average performance than all other
approaches. Specifically, for the key segmentation metric
DSC, our method exceeded the second-best (DeY-Net [62])
by 2.88% and outperformed the No Adapt by 19.09%. A
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Table 1. Multi sources domain generaliation in retinal fundus segmentation. The average performance (mean =+ standard deviation) of
three trials for our method and nine SOTA methods. “Site A” means training on Sites B-E and testing on Site A, and similarly for the
others. The best results are highlighted in red.

Methods Site A Site B Site C Site E Average
) DSC By S, DSC Ly S DSC By S DSC DSC By S, DSCT _Ep™ 1 Satf
No Adapt (U-Net [45]) 65604578 91.75£013 79.1140.07 74.65:488 B88.78£008 83311002 63.15£730 81.0320.19 79.77+£003 68.11£549 7534101 90.68+0.16 8753005 | 6937 8834 8236
TENT (ICLR’21) [56] 75224399  94.10+0.10  83.97+0.05 81.06+0.93 93.45+0.11 92364003 7523+233 88.10+0.14 84.62+0.03 78.12+2.59 91.33+0.31 83.17+0.78  92.74+0.10  93.64:0.03 | 78.56 91.94 8820
TASD (AAAI'22) 28] 79.7042.52  88.73+045 83.67+0.17 82.96+2.14 94.01+020 90.99+0.11 86.12+1.11  93.5940.13  87.0840.07 78.0246.30 87.20+0.16 83.71+3.77  90.88+0.25 90.37+0.12 | 82.10 90.88  88.01
DLTTA (TMI'22) [66] 71.88+5.59  86.29+0.21  80.70+0.13 124226 90.53+0.17  88.63+0.06 81.46+335 93.0840.08 87.48+0.02 75904727 84.27+0.12 84.79+0.06 82.75+6.55 90.10+0.31 89.33+0.14 | 78.42 88.85  86.18
SAR (ICLR23) [35] 75294269 88.73+0.34  80.15+0.26 X 96.88+£027 91.28+0.09 80.69+4.30 92.10+0.15 86.31+0.27 80.274+547 89.98+031 87.20£0.15 89.61+£028 95.90+0.08 92.06+0.01 | 82.46 9271 87.40
DomainAdaptor (CVPR’23) [70] | 77.14+1.21  90.80+0.19 81.31+0.02 83.95£0.80 93.17+0.09 90.44+0.08 82.79+1.09 95.36+0.10 88.57+0.13 86.50+329 95.26+0.33 86.24+1.44 94.90+029 93.77+0.18 | 83.32 93.90  89.03
DeY-Net (WACV'24) [62] 79.6741.35  89.1440.23  83.68+0.04 . 2 97.064£0.33  92.3140.07 85944185 93.54+0.22 87.15£0.10 83.47+1.40 95.29+0.17 88.76+2.28  95.43+021 90.45+008 | 85.58 94.09  88.46
VPTTA (CVPR24) [§] 77.85£1.40  94.09+0.01  83.97+0.05 .5 95.38+£0.03  89.53+0.09 83.61+1.67 96.39+0.04 89.64+0.05 82.75+0.50 96.53+0.04 3:£0. 89.74x1.51  98.22+024 94.77:0.07 | 83.70 96.12 89.55
NC-TTT (CVPR’24) [3§] 80.83+1.77 89.61+0.23 84.41+0.08 87.07+1.31 95.63£0.06  90.09+£0.02 86.93+227 94.69+0.11 88.39+0.03 82.10+4.28 91.49+0.22 86.33£0.07 90.08£0.99 95.93+0.10 91.53+0.09 | 85.40 9347  88.15
Ours 82.53+1.52  91.85+0.22  85.50+0.20 88.98+0.89 96.69+0.04 91.63+0.12  88.7340.70  95.804+0.06 89.7140.02  90.254+1.33  97.9740.19 92.89+0.13 91.83 £0.71  97.1440.20 92.82+0.09 | 88.46 9584  90.51

Table 2. Multi sources domain generaliation in the polyp segmentation.
trials for our method and nine SOTA methods. “Site A” means training
The best results are highlighted in red.

The average performance (mean + standard deviation) of three
on Sites B-D and testing on Site A, and similarly for the others.

Methods Site A Site B Site C 7 Site D Average
DSC Eper So DSC Ejr Sa DSC Ejr Sa DSC BT So DSCT EJ*™™1 SatT
No Adapt (U-Net [45]) 82.67+2.24  92.11+0.07 89.59+0.10 81.20+4.38 92.46+0.20 86.08+0.06 78.33+1.62 94.00+0.08 85.35+0.01 75.514+2.74 85.90+0.17 81.71+0.21 | 79.43 91.12 85.68
TENT (ICLR’21) [56] 78.69+1.12  88.2840.14 85.44+0.08 77.71+3.09 89.73+0.09 81.90+0.12 80.19£335 96.03+0.04 87.80+0.17 72.63+5.11 82.47+030 78.92+0.14 | 77.31 89.13 8352
TASD (AAAT'22) [28] 84.60+4.14  92.55+021 90.76£0.10 85.2842.20 93.10+0.13  86.83+0.19 82.43£539 96.31+0.08 89.6140.02 80.04+4.41 88.26+0.11 84.09+0.03 | 83.09 92.56 87.82
DLTTA (TMI'22) [66] 80.68+2.37  90.01+021 86.89+0.09 80.86+1.77 91.98+0.10 85.83+0.04 75.57+3.12 93.90+0.08 84.154+0.10 74.25+3.40 83.49+0.12 79.44+0.10 | 77.84 89.85 84.08
SAR (ICLR’23) [35] 79.3740.77  88.40+0.12  86.11+0.03 78.40+2.07 90.23+0.11  83.39+0.02 80.94+£090 95.8340.12 86.84+0.07 78234291 86.37+0.09 81.66+0.14 | 79.24  90.21  84.50
DomainAdaptor (CVPR’23) [70] | 88.58+0.96  95.03+0.04 90.95+0.01 81.12£1.07 92.3140.08 86.60+0.02 81.77+2.17 95.18+0.03 87.19+£0.01 79.91£133 87.23+0.04 83.64+0.05 | 8285 9244  87.10
DeY-Net (WACV’24) [62] 83.61+£2.31  90.79+0.11  89.25+0.09 80.90+3.17 91.49+0.10 85.36+0.03 80.46+1.43 95.83+0.08 87.144+0.03 73.85+£3.04 83.00+0.13 78.96+0.08 | 79.71 90.28 85.18
VPTTA (CVPR’24) [8] 82.3440.69 91.03+0.08 88.35+0.01 84.32+044 91.53+0.07 87.46+0.02 84.43+£052 95.754+0.16 88.91+0.03 82.40+0.29 89.60+0.04 85.18+0.01 | 83.37 9197 8747
NC-TTT (CVPR24) [38] 87.96+1.22  93.71£0.13  90.66+£0.07 83.704£2.08 93.7840.09 87.5140.07 89.2940.90 96.66:+£0.22 91.26::0.07 78.2340.79  86.3740.09 84.80  92.63  87.77
Ours 90.97+£0.66  96.57+0.06 92.92+0.08 87.49+0.82 95.21+0.04 89.93+0.09 86.87+0.58 97.53+0.05 90.16+0.12 83.97+1.18  90.67+0.13 87.32 94.67 89.86

similar trend was observed in the polyp segmentation re-
sults, where we outperformed the second-best method (NC-
TTT [38]) and No Adapt by 2.52% and 7.89%, respectively.
Additionally, our approach exhibited greater stability across
multiple trials compared to the other methods.
Single-Source Generalization. In these experiments, the
models are trained on one domain and tested on the remain-
ing datasets (i.e., with S = land T' = |D;UD;| —1). Com-
pared to multi-source generalization, single-source train-
ing is considered more challenging due to the limited do-
main information available during the training phase. By
comparing Tables 2 and 3, we can observe that all models
show lower segmentation performance (in terms of DSC) in
the single-source setting compared to the multi-source re-
sults. Some methods even perform worse than the No Adapt
baseline in single-source scenarios. However, our method
still achieves the best average performance across 12 do-
main transfer experiments, outperforming the second-best
approach (NC-TTT [38]) by 1.83% and exceeding the No
Adapt by 9.77% in terms of DSC.

Fig. 3 presents the visualization results for “Site A” in Ta-
ble 1. The No Adapt baseline exhibits significant misalign-
ment, with notably distorted shapes and inaccurate bound-
aries. VPTTA offers some improvement but still suffers
from distortions and incomplete segmentation, particularly
in the optic cup area. NC-TTT shows instances of over-
lapping segmentation. In contrast, our method delivers the
most precise segmentation, closely aligning with the ground
truth. The Grad-CAM [48] visualizations reinforce this,
as the attention of network is focused specifically on the
relevant regions. These results demonstrate our method’s
enhanced generalization to unseen domains by effectively
incorporating morphological priors, resulting in higher seg-

Ground Truth No Adapt
-3 \
. \ .

Optic Disc  Optic Cup .

Figure 3. Visualization comparison of segmentation results and
Grad-CAM outputs from the final layer of the backbone network
for the No Adapt baseline, VPTTA [8], NC-TTT [38], and our pro-
posed method on retinal fundus images. Additional visual compar-
isons are provided in the supplementary material.

mentation accuracy. For further visualization and additional
experimental results, please refer to the appendix.

S. Analysis
5.1. Effectiveness of the Universe Embeddings

The universe embeddings U/ play a crucial role in incorpo-
rating morphological priors from medical images, resulting
in an assignment matrix that projects each node to the uni-
verse of nodes. To validate the effectiveness during the
TTA, we conducted the following experiments: (1) With-
out universe embeddings (denoted as w/o i), the universe
matching assignment matrix U is initialized following the
setting in [59] (i.e. U = 1/d+ 10732, where z ~ N (0, 1)),
leading to random matching between the nodes and the uni-
verse; (2) Without morphological priors but with ¢/ (de-
noted as w/o priors). As shown in Table 4, the performance
in (1) is slightly better than in (2) by 1.76% in terms of DSC

15627



Table 3. Single source domain generalization in the polyp segmentation. The average performance of three trials for our method and nine
SOTA methods. A — B represents models trained on Site A and tested on Site B, and similar for others. Best results are colored as red.

Methods [ A>B A—C A—D B A B~ C B - D C— A C—B C—D D— A DB D—~C [ Aw

‘ Dice Score Metric 1 (DSC, mean+std )
No Adapt (U-Net [45]) 76.49+£1.48 67.70+3.27 70.94+7.56 76.214£2.90 62.80+8.03 70.03+4.53 72.87+3.62 69.13+5.15 70.444+3.27 79.78+1.08 72.47+2.80 74.91+3.18 | 71.98
TENT (ICLR’21) [56] 68.13+0.18  65.99+0.11 66.11+0.14  77.56+£021 59.87+0.20 68.89+0.14 73.21+£0.10 65.04+0.09 72.35+0.22 77.88+0.14 70.01+0.11 73.60+0.20 | 69.89
TASD (AAAT’22) [28] 73.02+224 79.67+6.37 78231444 66.82+9.17 72.09+4.40 77.95+1.69 74.20+330 69.74+7.27 76.13+£2.82 83.77+0.51 76.09+3.26 80.10+1.47 | 75.65
DLTTA (TMI'22) [66] 72.23+0.04 70.78+0.06 74.56+0.04 64.87+£0.01 60.05+£0.09 78.47+0.03 71.22+0.03 65.78+0.10 71.00+0.13  79.89+0.08 79.10+0.10 74.52+0.01 | 71.87
SAR (ICLR’23) [35] 70.34+0.13  77.90+£0.20 77.71+0.09 68.19+£0.12 66.56+0.08 73.924+0.13  76.12+0.11 71.29+0.19  75.084+0.08 82.07+0.04 80.44+0.21 83.10+0.15 | 75.22
DomainAdaptor (CVPR’23) [70] | 78.39+0.61 77.094+0.35 79.45+0.21 74.98+0.70 70.07+0.66 80.21+0.46 76.02+0.33 73.404+0.50 81.33+0.54 86.10+043 80.56+0.62 77.86+0.21 | 77.96
DeY-Net (WACV’24) [62] 74454131  76.07+2.52  80.11+0.72  70.90£1.10 69.23+2.18 76.31+1.32  78.33+4.43 74.60+1.66 73.5242.25 80.70+0.27 78.23+1.17 81.48+0.93 | 76.16
VPTTA (CVPR’24) [8] 78.18+0.01  75.14+0.03  82.73+0.02 73.65+0.06 64.78+0.01 82.864+0.03 77.90+0.01 70.64+0.05 77.224+0.10 87.19+0.03 84.97+0.08 82.12+0.02 | 78.12
NC-TTT (CVPR’24) [38] 79.214+0.24  81.76+0.57 83.22+0.69 77.35+0.33 79.40+0.67 80.94+0.54 80.17+0.70 72.36+0.62 78.55+0.43 84.09+0.38 82.38+0.51 79.77+0.74 | 79.93
Ours 80.47+0.28  83.93+0.19 83.18+0.33  78.33+0.26 81.25+0.23 83.58+0.34 78.86+0.26 76.49+0.21 80.20+0.24 89.17+0.22 81.68+0.22 83.86+0.28 | 81.75

Table 4. Ablation study in the retinal fundus segmentation. Details
of the experiment can be found in Sec 5.1.

Methods ‘ Site A Site B Site C Site D Site E ‘ Average
| Dice Score Metric T (DSC, mean+std )
No Adapt | 65.60+5.78 74.65+4.88 63.15+£7.30 68.11+£5.49 75.34+1.01 69.37
w/oU 77.094+1.90 83.24+2.01 80.50+1.44 78.32+1.55 83.18+2.18 80.47
w/o priors | 79.51+£0.80 79.36+1.13 77.40+£1.89 77.29+1.77 80.00+1.93 78.71
Ours 82.53+1.52 88.98+0.89 88.73+0.70 90.25+1.33 91.83+0.71 | 88.46

Figure 4. The performance of DSC (%) and inference time (s) with
different universe sizes d are shown, with the experimental setup
identical to that in Table 1. The first curve represents the No Adapt
baseline (d = 0), while the subsequent curve corresponds to the
results obtained with a universe size of d = 120.

on average. However, when using the pre-trained U/ de-
rived from the source model, the segmentation results show
a significant improvement. This highlights the effectiveness
of the pre-trained morphological priors embedded in ¢/ for
medical imaging tasks.

5.2. Effectiveness of the Universe Size

The universe size d directly impacts both the matching ac-
curacy and computational efficiency, and its selection de-
pends on the number of sampled nodes. Previous works [4,
36, 59], ensured that the d matched the number of nodes in
each graph by labeling an equal number of keypoints. In
our experiments, d is determined by the spatially-uniform
sampling described in Sec 3.1, and we empirically set d =
100 x (n + 1)s~!, where s is the sampling step and n is
the number of segmentation categories required for the task.
We evaluated several d, with the results shown in Fig. 4. We
observe that excessively small or large step sizes—resulting
in too many or too few sampled nodes—negatively impact
both training speed and performance. However, when d is
within a reasonable range (in this experiment, s € [2,10]
ie. d € [30,150].), the model maintains good scalability

and performance.

Table 5. Comparison of common variables and performance be-
tween pairwise matching and multi-matching, using the same ex-
perimental setup as in Table 1. Both methods follow the graph
construction in Sec. 3.1.

param ‘ Site AE Average T description
‘ | Pairwise [S8]  Multi-Matching (Ours) | P
Ir 1073 1073 learning rate
batch 4 4 batch size in inference
h 256 256 dimension of node feature
T 0.05 0.05 regularization factor of Sinkhorn
Iter 20 20 max iterations of Sinkhorn
d - 120 universe size
DSC 1 84.63 88.46 dice score metric (%)
time | 0.930 0.392 inference time per image (s/img)
Param | 1.071 0.658 parameter count (M)
FLOPs | 15.35 4.255 floating point operations per second (G)

5.3. Multi-Matching vs. Pairwise Matching

Compared to pairwise matching, multi-matching uses
cycle-consistency for global optimization, which helps
avoid local optima in pairwise. Moreover, joint optimiza-
tion reduces the computational complexity of large-scale
matching. By incorporating morphological consistency
constraints, multi-matching exhibits greater robustness. To
validate these claims, we conducted experiments comparing
the two approaches. For the pairwise matching method, we
adopted the benchmark approach [58] and applied the same
graph construction process as in multi-matching. The com-
parison results are presented in Table 5. It is evident that
multi-matching outperforms pairwise matching in terms of
DSC, inference time, parameters and FLOPs. The infer-
ence time of multi-matching was reduced by approximately
57.85% compared to pairwise matching, while segmenta-
tion accuracy improved by 3.83% in DSC.

6. Conclusion

This paper presents a novel multi-matching framework for
TTDG, which leverages universe embeddings to incorpo-
rate morphological priors from medical images while en-
suring cycle-consistency, along with an unsupervised test-
time paradigm that fully integrates these priors for efficient
adaptation. Extensive experiments, including comparisons
and ablation studies demonstrate that our graph-matching-
based approach achieves SOTA performance, outperform-
ing entropy-based, template-based, batch normalization-
based, and noise estimation-based methods across both
multi-source and single-source domain generalization tasks.
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