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Abstract

Multimodal magnetic resonance imaging (MRI) is crucial
for brain tumor segmentation, with many methods leverag-
ing its four key modalities to capture complementary in-
formation for effective sub-region analysis. However, the
absence of several modalities is very common in practice,
leading to severe performance degradation in existing full-
modality segmentation methods. Limited by the structured
data model, recent works often adopt a multi-stage train-
ing strategy for full-modality and missing-modality scenar-
ios, which increases training costs and inadequately ad-
dresses the interference of miss. In this work, we propose
a graph-based one-stage framework for robust brain tumor
segmentation with missing modalities. Specifically, we in-
troduce modality-specific virtual nodes that serve as sup-
plementary information sources to compensate for missing
modalities. To enhance model robustness against arbitrary
modality combinations, we leverage the inherent flexibility
of graph networks to devise a dynamic connection strat-
egy. This mechanism dynamically adjusts the adjacency
matrix based on modality availability, preserving benefi-
cial information flow while mitigating interference effects
caused by missing modalities. Furthermore, we introduce
heterogeneous weight matrices to improve the graph net-
work’s adaptability to multimodal scenarios. Extensive ex-
periments on the BRATS-2018 and BRATS-2020 datasets
demonstrate that our method outperforms the state-of-the-
art methods on almost all subsets of incomplete modalities.

1. Introduction

Multi-parametric magnetic resonance imaging (MRI) is the
current standard for the quantitative evaluation of brain
tumors in clinical practice [13]. Specifically, four MRI
modalities are commonly used: T1-weighted (T1), contrast-
enhanced T1-weighted (T1c), T2-weighted (T2), and Fluid
Attenuated Inversion Recovery (FLAIR) images. Each
modality delivers specific and valuable features that col-
lectively improve the precision of brain tumor segmenta-
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Figure 1. Comparison between our method and recent approaches.
(a) Customized methods. (b) Recent unified methods. (c) Our
graph-based approach.
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tion. In recent years, plenty of works have explored the
use of deep learning methods for brain tumor segmenta-
tion [14, 15]. These methods were optimized for the full-
modality scenario and had already achieved excellent re-
sults. However, it is not always possible to acquire a com-
plete set of MRIs due to practical constraints, such as image
corruption, acquisition protocols, or unsuitable conditions
of patients, and in more practical settings, some modali-
ties may even be unavailable during training [29]. In such
cases, these advanced methods often suffer from severe per-
formance degradation.

To address the challenge of missing modalities, numer-
ous methods have been proposed. A straightforward solu-
tion involves training a customized model for each possible
subset of modalities [30, 35], as shown in Fig. 1 (a). While
this strategy can yield promising results, it suffers from pro-
hibitively high training and deployment costs, which grow
exponentially with the number of modalities. This fun-
damental limitation severely restricts their applicability in
real-world clinical settings. As a result, recent research has
shifted toward learning a unified model capable of handling
incomplete multimodal inputs, primarily by employing ran-
dom modality dropout during training [10, 36]. However,
structured data models (e.g., CNNs or Transformers) heav-
ily rely on complete contextual information and struggle to
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accommodate all modality combinations within a single-
stage training framework. To overcome this limitation,
many existing methods adopt a two-stage training strat-
egy: either employing knowledge distillation [2, 4, 12, 24],
where a full-modality model guides the learning of incom-
plete inputs, or training a generative model to reconstruct
the missing modalities [19, 28].

However, these two-stage solutions ultimately stem from
the rigidity of structured architectures such as CNNs and
Transformers, whose computation paths are predefined for
a fixed set of modalities and thus rely on complete cross-
modality correspondence. As shown in Fig. 1(a-b), this
fixed connectivity makes both customized and unified struc-
tured models sensitive to missing-modality patterns, since
the expected feature interactions become ill-defined once
one or more modalities are absent. In contrast, a graph
formulation operates on the actually observed modality set:
each modality is treated as a node, and missing modalities
simply correspond to absent nodes or edges. As illustrated
in Fig. 1(c), such adaptive connectivity enables message
passing only among available modalities, making the model
more robust under incomplete multimodal settings.

In this work, we propose a plug-and-play graph-based
one-stage learning framework. Specifically, features ex-
tracted from modality-specific encoders are treated as
nodes, which are then processed by a Graph Attention Net-
work (GAT) for feature representation and fusion [27]. To
enhance the GAT’s suitability for multimodal learning, we
introduce a heterogeneous weight matrix that allows for
modality-aware attention. To mitigate information loss due
to missing modalities, we incorporate zero-initialized vir-
tual nodes to capture modality-invariant features, thereby
providing supplementary information even in the total ab-
sence of certain modalities. Furthermore, for the over-
all multimodal graph composed of both basic and virtual
nodes, we design an adaptive edge connectivity strategy
that supports diverse modality combinations, where infor-
mation flows unidirectionally from existing nodes to those
representing missing modalities. Experimenting on the pub-
lic BraTS-2018 and BraTS-2020 datasets demonstrates that
our method outperforms the state-of-the-art methods on al-
most all subsets of incomplete modalities. Even in the most
extreme single-modality scenarios, our method still main-
tains robust performance.

Our key contributions can be summarized as follows:

* We propose a plug-and-play graph-based framework to
handle missing modalities in brain tumor segmentation,
which can be easily integrated into existing systems. The
unstructured nature of graph architectures enables one-
stage training directly on incomplete data, eliminating the
need for additional supervision under full-modality set-
tings.

* We introduce zero-initialized virtual nodes to mitigate

information loss caused by missing modalities. By en-
abling collaborative representation between base and vir-
tual nodes, our model preserves comprehensive contex-
tual information across arbitrary modality combinations.

* We design a dynamic edge connection mechanism where
information flows unidirectionally from existing nodes to
those representing missing modalities. This allows the
model to flexibly adapt to varying combinations of avail-
able modalities within a single unified architecture.

2. Related Work

2.1. Multimodal Brain Tumor Segmentation with
Missing Modalities

Existing methods for brain tumor segmentation with miss-
ing modalities can be broadly categorized into explicit and
implicit approaches according to how missing modalities
are represented.

Explicit (reconstruction-based) methods recover missing
modality information either at the image level or the fea-
ture level. Image-level methods synthesize missing modali-
ties for full-modality segmentation (e.g., using GANSs) [8,
18, 32-34], yet accurately reconstructing critical missing
modalities from the remaining ones is often difficult or
even infeasible. Feature-level methods instead infer rep-
resentative embeddings for missing modalities. For exam-
ple, Shen and Gao [26] used adversarial learning to align
feature distributions, while Wang et al. [28] proposed a
Shared-Specific Feature Modeling framework for modality-
invariant and modality-specific representations. Although
such methods promote cross-modality alignment, they may
suppress modality-specific cues, which is detrimental when
essential modality information is absent. In addition, both
image- and feature-level approaches usually require auxil-
iary generative networks, increasing model complexity and
computational cost.

Implicit methods focus on learning a multimodal la-
tent feature space. Hetero-modal variational encoder-
decoder [6] incorporated multimodal variational auto-
encoders to reconstruct modalities from a shared latent vari-
able, while LS3M [38] employs learnable sorting and state
space modeling for end-to-end segmentation under arbi-
trary modality combinations. Many methods also leverage
knowledge distillation [11], where teacher (full-modality)
and student (missing-modality) models are trained to trans-
fer latent knowledge [2, 4, 12, 24]. Compared with ex-
plicit reconstruction, implicit methods are easier to train,
but often provide limited compensation for missing modal-
ities and still rely on two-stage training.

Overall, most existing methods still rely on structured ar-
chitectures and often require two-stage optimization to cope
with missing modalities. In contrast, our method adopts
a graph-based formulation that combines explicit missing-
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Figure 2. Overview of the proposed framework. The detailed dynamic edge connection is shown in Fig. 3 and Algorithm 1.

modality representation with implicit feature learning.

2.2. Graph Neural Networks for Medical Image
Segmentation

Graph Neural Networks (GNNs) [9] have previously been
applied to medical image segmentation tasks. Yanetal. [31]
first used the SLIC algorithm [1] to cluster MRIs into
supervoxels, and then predicted the tissue type of each
supervoxel. Inspired by this work, subsequent research
has generally followed a similar workflow [7, 21, 25].
However, such methods typically depend on superpixel-
based representations, which hinder the preservation of
modality-specific characteristics and reduce the effective-
ness of cross-modal information fusion. These limitations
are especially critical in scenarios with missing modalities.

In addition, several prior works have incorporated graph-
inspired mechanisms to tackle missing modalities. Yang et
al. [32] introduced a graph-attention fusion module for mul-
timodal MR image synthesis and tumor segmentation, and
Zhao et al. [39] proposed a modality-adaptive feature inter-
action framework based on graph representation concepts.
However, these methods mainly incorporate graph-inspired
operations into otherwise structured architectures, and do
not explicitly address how missing modalities should be
represented or how information should propagate under dif-
ferent missing-modality patterns. By contrast, our work for-
mulates missing-modality interaction through a plug-and-
play graph interface, where virtual nodes are introduced
to account for absent modalities and the graph connectiv-
ity is dynamically adapted to the observed modality subset.
As such, the proposed framework differs from prior graph-
inspired methods not only in architectural form, but also in
how modality absence is modeled and how cross-modality
information flow is defined.

3. Method

An overview of the proposed framework is shown in Fig. 2.
We first extract modality-specific features from the multi-
modal MRI inputs using dedicated encoders. In parallel,
we construct a graph containing both image-derived nodes
and zero-initialized virtual nodes, together with a default
adjacency matrix defined for the complete-modality set-
ting. The extracted features are then mapped to their cor-
responding nodes and processed by a Graph Attention Net-
work (GAT) equipped with a heterogeneous weight matrix
to better model multimodal relationships. To support arbi-
trary combinations of available modalities, we adopt ran-
dom modality dropout, replacing missing-modality nodes
with zero vectors and dynamically updating graph connec-
tivity via our adaptive edge strategy. Finally, the enriched
node representations are fed into the decoder to produce the
segmentation map.

The main difference between training and inference lies
in the availability of modalities. During training, all modali-
ties are accessible, and missing-modality scenarios are sim-
ulated via random modality dropout. Below, we will pro-
vide a detailed explanation of each module.

3.1. Node Construction

We denote the complete set of modalities by M =
{FLAIR, Tlc,T1,T2}. Given an input image of x™ €
RIXDPXHXW ‘\vhere W, H, D are the width, height, depth
of the image, and m € M, we utilize the specific convolu-
tional encoder to generate feature maps. In this condition,
the original images of all modalities are available, so we
can get independent and complete features of each modality.
Assume that the features obtained through the encoder are

denoted as ™ € REXD xH xW' where C, D', H and W'
refer to the number of channels and the corresponding fea-
ture dimensions obtained after several convolutional down-
sampling operations. Through the transformation of fea-
ture dimensions, we convert them into nodes v € RE*F,
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intra-modal

Figure 3. Dynamic edge connection, illustrating the simula-
tion from the full-modality scenario to the missing. The dashed
shapes represent virtual nodes; the hollow shapes represent miss-
ing nodes; and ’x’ denotes a broken connection.

where F = D' x H x W'.

To mitigate the information loss introduced by missing
modalities, we introduce a set of learnable, zero-initialized
virtual nodes p™ € R¢»*¥ for each modality. These nodes
act as modality-agnostic anchors that interact with the avail-
able modality nodes through message passing, allowing the
model to preserve a stable and coherent representation even
when some modalities are absent.

Finally, the missing-aware virtual nodes are attached to
the basic nodes v along with the input-length dimension
to form extended nodes v,":

vy =[v";p" €))

where [-;-] represents the concatenation operation, v, €
RP*F ‘and P = C + C,,. For a complete multimodal graph
network, there are a total of 4 x P nodes. We refer to the
i-th node of the m-th modality as v;", and if the modality is

not specifically indicated, m can be omitted.

3.2. Edge Construction and Dynamic Adaptability

Predefined or fixed connectivity becomes unreliable when
modalities are missing, as absent inputs lead to noisy or in-
valid edges. Therefore, we construct dynamic connections
that adjust the graph topology according to the available
modalities. In this section, we detail our multimodal edge
design. Since the Graph Attention Network (GAT) achieves
weighted connections between different nodes through an
attention mechanism, the construction of edge structures
primarily serves to describe the connectivity between nodes
with value 0 and 1. We use e;; to represent an edge from v
to v;.

As shown in upper part of Fig. 3, the multimodal graph
structure in a full-modal scenario constructs e;; according
to the following rules: intra-modal nodes are bidirectionally

connected, and so are corresponding nodes across different
modalities. Virtual nodes are updated only by nodes of their
own modality but participate in updating all other nodes.

During training, we randomly apply dropout to mask cer-
tain modality nodes, which dynamically alters the edge con-
nections. Without loss of generality, suppose modality m is
dropped (in practice, the number of dropped modalities is
randomly selected between 0 and N — 1, where N is the
total number of modalities). As shown in lower part of Fig.
3, for any basic node ¢ within modality m, its connections
to all other nodes j are cut, meaning e;; = 0 while ¢;; re-
mains unchanged. This approach allows us to reconstruct
the missing modality features by utilizing other modality
features and the invariant features of the the missing modal-
ity itself, while avoiding noise caused by reconstruction
from interfering with other existing modalities. The de-
tailed procedure is presented in Algorithm 1.

Fundamentally, our approach shares the same objective
as customized methods—defining a specific model for each
possible modality combination. However, the key distinc-
tion lies in our novel use of graph networks’ structural flex-
ibility. Through dynamic connectivity, we implicitly en-
code N distinct model configurations within a single unified
graph architecture. This enables our model to generalize
across arbitrary modality combinations at inference time,
achieving both adaptability and efficiency within a single-
stage framework.

3.3. Heterogeneous Graph Attention Network

To calculate the weights when updating nodes, Graph
Attention Network (GAT) performs self-attention on the
nodes [27]. Since GAT was originally designed for single-
modality data, it did not account for the differences between
modalities in a multimodal scenario, resulting in the weight
matrix W being shared across all nodes. As shown in Fig.
2, in this work, we heterogenize the weight matrix W to
better accommodate the needs of multimodal features:

Bij = a(W"v", W"v1) )

where m,n € {FLAIR,T1¢,T1,T2}, a is an attentional
mechanism and 3, represents the attention coefficients be-
tween node v; and v;. To simulate the modality-missing
scenario, during training, we apply a random dropout to
mask the basic nodes of 0 to N — 1 modalities by zero-
filling them. Meanwhile, the edge structure is updated ac-
cording to the rules mentioned earlier. When updating node
v;, we calculate the relevance coefficient 3, j only for nodes
v; where ¢;; = 1, and get the weight coefficient of v; rela-
tive to v;:

€xp (IBij)

= ="— 3
ZkeM exp(Bix) )

o = softmax;(3,;)
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Algorithm 1 Dynamic Edge Connection Method

1: Input:

2:  Two nodes v;* and v;‘, where m and n represent
their respective modality; basic nodes set N3; virtual
nodes set \V,,; total nodes set NV;; random missing node
Vi.

3: Initial:

4 if m == n then

S: €ij = €j; = 1

6: else

7 if vi* € N} and v7 € N, then
8
9

if - = j then

: €ij = €5i = 1
10: else
11: €ij = €5 = 0
12: end if
13: else if vi* € \}, and v} € N, then
14: €ij = 1;€ji =0
15: else if vi* € V, and v} € N, then
16: €ij = 0;6]‘2‘ =1
17: else
18: €ij = €j; = 0
19: end if
20:  end if

21: Dynamic change:
22:  forv; € N; do
23: eir =0

24:  end

where N; is the neighborhood of node i in the graph, i.e.
N; = {j|ej = 1}. In practice, to handle the discon-
nected edges caused by missing modalities (i.e., e;; = 0)
and ensure gradient propagation, we did not simply remove
them from the computation graph. Instead, we employed a
softer approach by assigning a very small value to the cor-
responding attention weights. This approach reduces the
interference from the missing modalities while maintaining
differentiability.

In GAT’s experiments, the attention mechanism a is a
single-layer feedforward neural network, parametrized by a
weight vector a, which is also shared between nodes. We
heterogenized the a as well, and the final weight coefficient
can be expressed as:

exp (LeakyReLU (a™ [W™v["|[W"v7]))

aij

“)
Subsequently, similar to GAT, a multi-head attention
mechanism is introduced to update the nodes:

K
1
/o k m,m
vi=o| & E E a; Wit (5)
k=1j€eN;

- > ken, exp (LeakyReLU (@™ [Wmvi [W kv ' ]))

where K is the number of independent attention mecha-
nisms.

3.4. Overall Optimization:

Due to the inconsistency between the data distribution per-
ceived by the specific encoder and the subsequent model,
and to ensure the quality of the generated features, we intro-
duced an additional specific decoder for optimization. Ad-
ditionally, for the complete features updated by the GAT,
a multimodal decoder is employed to perform segmenta-
tion prediction. To optimize virtual nodes, which represent
modality-invariant features, some methods minimize the
differences between modalities [28]. However, this man-
ual intervention tends to reduce the richness of the gener-
ated information, with only shared features generated across
modalities. Therefore, we adopt a self-learning approach,
allowing the model to autonomously discover and enhance
the modality-invariant features without imposing rigid con-
straints. This method leverages the natural alignment of
features across modalities, encouraging the model to learn
richer and more diverse representations.

In general, our method generates two types of segmenta-
tion maps during training, including y* of specific decoder
and y™ of multimodal decoder. Therefore, the overall seg-
mentation loss is defined between the ground-truth label y
and the two estimated segmentation maps respectively:

Liotal = Y L3, y) + L™, y) 6)

€M

where M = {FLAIR,Tlc,T1,T2} and L is the Dice
loss [23]. Note that the specific encoder is only used during
the training phase, while during inference, the segmentation
results are obtained solely from the multimodal decoder.

4. Experiments

4.1. Datasets and Evaluation Metrics

We evaluate our method on two widely used brain tumor
segmentation benchmarks: BraTS 2018 and 2020 [22].
Both datasets provide multi-modal MRI scans for each sub-
ject, including FLAIR, T1, Tlce, and T2 sequences, along
with expert-annotated tumor labels. The annotations con-
sist of four categories: necrotic and non-enhancing tumor
core (NET), enhancing tumor (ET), edema (ED), and back-
ground (BG). These categories are further grouped into
three sub-regions for evaluation: (1) whole tumor (WT),
including all tumor regions; (2) tumor core (TC), which
comprises NET and ET; and (3) enhancing tumor (ET). The
BraTS 2018 and 2020 datasets contain 285 and 369 anno-
tated cases respectively. Following previous works, we split
them into training/validation/testing subsets with ratios of
199/29/57 for BraTS 2018 [6] and 219/50/100 for BraTS
2020 [5, 37]. Following the BraTS challenge, we use the
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Modality Enhancing tumor Tumor core Whole tumor

FI T1 Tlc T2 [HVED mmF M?’AE MMC Ours |HVED mmF M’AE MMC Ours |[HVED mmf M3AE MMC Ours
e o o o | 238 393 356 49.6 46.0 | 579 612 664 700 749 | 844 86.1 88.7 862 89.0
o e o o 86 325 371 429 439 | 339 566 66.1 693 72.0 | 495 675 744 78.6 78.9
o o e o |576 726 737 79.0 78.0 | 59.6 754 829 86.6 84.1 | 53.6 722 75.8 804 76.6
o o o e | 228 431 476 50.7 50.0 | 547 642 694 69.7 73.6 | 79.8 81.2 84.8 84.1 849
e ¢ o o | 280 430 412 48.1 503 | 61.1 659 708 72.0 77.7 | 85.7 87.1 89.0 87.7 90.0
e o e o | 684 751 750 795 81.0 | 75.1 779 844 86.7 87.1 | 859 873 89.7 887 90.2
e o o e | 323 475 454 483 534 | 627 698 709 724 764 | 87.6 87.6 89.9 88.0 90.0
o e e o | 611 740 747 787 80.0 | 67.6 786 834 86.6 862 | 642 744 772 802 80.5
o e o e | 243 450 487 469 504 | 563 694 71.8 740 76.0 | 81.6 822 86.7 859 86.5
o o e e | 678 745 753 79.1 80.2 | 739 78.6 842 86.7 87.0 | 81.3 83.0 863 86.3 86.2
e o o o | 686 755 740 78.1 813 | 77.1 79.8 84.1 86.6 87.3 | 86.7 87.3 889 883 90.3
e o o o | 323 477 448 50.7 54,5 | 63.1 715 727 678 77.6 | 88.1 87.8 89.9 885 90.2
e o e o | 689 757 738 79.1 80.7 | 76.8 79.6 84.6 86.6 874 | 88.1 88.1 90.2 889 90.3
o e e e | 678 748 754 792 803 | 753 804 844 86.7 87.0 | 823 827 857 86.8 86.5
e o o o | 090 776 755 80.1 808 | 77.7 858 845 874 873 | 885 89.6 90.1 89.0 90.3

Mean 46.8 599 599 647 66.0 | 648 730 774 793 814 | 79.2 829 858 858 86.7

Table 1. Brain tumor segmentation results for different modality combinations on BraTS 2018 dataset. Present and missing modalities are

denoted by e and o. The best results are bolded.

Dice similarity coefficient (DSC) for performance quantifi-
cation.

4.2. Implementation Details

We adopt 3D U-Net [36] as the backbone, using its encoder
as modality-specific feature extractors and reusing the de-
coder for both single-modality and multimodal decoding.
The key difference lies in the number of channels: one for
the specific decoder and four for the multimodal decoder.
The framework is implemented in PyTorch 1.7 and trained
on four NVIDIA 4090 GPUs with a batch size of 1 for 1000
epochs. We use the Adam optimizer [17] with an initial
learning rate of 0.0002 and a cosine decay schedule [20].
During training, input volumes are randomly cropped from
240x240x155 to 128x128x%128 voxels to reduce memory
consumption. We preserve complete modality inputs for the
modality-specific encoders, and simulate missing modali-
ties by randomly zeroing out selected features when con-
structing graph nodes. At inference time, all 2"V — 1 modal-
ity combinations are evaluated by skipping the correspond-
ing encoders and graph connections for missing modalities.
For fair and consistent evaluation on full-resolution images,
we adopt a sliding window strategy following [3].

4.3. Comparison with the State of the Art (SOTA)

The experimental results for brain tumor segmentation
with missing modalities on BraTS2018 are shown in Tab
I, which compares our method with current state-of-the-
art methods, including U-HVED [6], mmFormer [36],
M3AE [19], MMCFormer [16]. Among them, MMC-
Former is customized and the others are unified. Notably,

mmFormer serves as a representative one-stage method,
whereas M3 AE exemplifies the two-stage paradigm.

Compared with the latest state-of-the-art method MM-
CFormer, our approach achieves superior performance on
BraTsS 2018, with Dice improvements of 1.3% on enhanc-
ing tumor (ET), 2.1% on tumor core (TC), and 0.9% on
whole tumor (WT). While the average gains appear moder-
ate, our method demonstrates consistent advantages across
different modality combinations. Notably, when the most
informative modality (Tlce) is missing (e.g., lines 5, 7, 9,
and 12), we observe significant gains, with average im-
provements of 3.65% on ET and 4.3% on TC. This high-
lights the model’s capacity to compensate for missing crit-
ical information. Overall, our method achieves the best
Dice scores in 12 out of 15 combinations for ET, TC, and
WT, respectively. In the remaining cases, the performance
gap is clinically negligible, with average differences be-
low 1.5% compared to the top-performing baseline. Com-
pared with other representative methods, our approach also
achieves notable performance gains. It is worth noting that,
compared with mmFormer, the primary difference lies in
the mechanism for modeling multimodal interactions: mm-
Former employs a Transformer between the encoder and de-
coder of a 3D U-Net, whereas our method adopts a graph
neural network for the same purpose. Considering this key
architectural distinction and the corresponding performance
gains, the results suggest that graph-based modeling of-
fers clear advantages for capturing modality relationships
in missing-modality scenarios.

Moreover, as shown in Fig. 4, our method achieves a
favorable trade-off between model efficiency and segmen-
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Modality Enhancing tumor Tumor core Whole tumor

FI T1 Tlc T2 [HVED mmF M?AE LS3M Ours [HVED mmF M’AE LS3M Ours [HVED mmF M?AE LS3M Ours
e o o o | 129 405 405 403 438 | 346 662 680 720 703 | 699 824 865 887 89.0
o e o o 73 340 399 366 444 | 273 612 660 66.7 71.6 | 46.8 744 7677 793 79.5
o o e o | 249 689 724 777 81.6 | 355 780 814 83.6 869 | 468 743 739 782 789
o o o e | 243 456 460 453 46.2 | 37.7 69.2 703 723 694 | 540 83.1 86.1 873 85.1
e o o o | 220 436 432 451 493 | 383 69.6 738 753 755 | 583 84.6 894 90.6 90.7
e o e o | 300 698 747 792 817 | 422 804 82.0 863 874 | 615 845 895 910 91.7
e o o e | 204 481 473 515 513 | 434 716 750 769 747 | 645 858 893 915 921
o e e o | 336 711 754 795 79.6 | 449 799 824 841 809 | 629 78.0 781 826 875
o e o e | 321 459 46.6 470 519 | 450 709 725 743 752 | 643 840 872 88.9 87.7
c o e e | 362 707 768 78.7 818 | 475 80.8 83.0 852 87.1 | 658 84.1 874 89.2 87.7
e e o o | 394 701 759 808 800 | 49.1 80.2 824 86.1 87.6 | 67.0 853 90.0 915 91.6
e ¢ o o | 381 484 482 515 537 | 494 720 751 769 762 | 684 86.2 904 915 91.7
e o e o | 409 716 77.1 805 815 | 513 813 83.1 858 874 | 697 86.1 902 919 921
o e e e | 432 707 774 815 802 | 52.7 8l1.1 84.1 858 874 | 704 84.6 88.6 89.8 88.2
e o o o | 453 714 780 809 798 | 542 812 844 859 875 | 714 864 90.6 922 923

Mean 306 58.0 613 636 658 | 435 749 776 79.8 80.8 | 62.8 829 863 882 884

Table 2. Brain tumor segmentation results for different modality combinations on BraTS2020 dataset. Present and missing modalities are

denoted by e and o. The best results are bolded.
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Figure 4. Deployment model size (in log2 scale) and mean Dice
similarity scores (DSCs) across all missing-modal situations on
BraTsS 2018 test split; circle size indicates GFLOPS.

tation performance. It operates with significantly fewer pa-
rameters than existing state-of-the-art methods, while main-
taining superior accuracy. This efficiency is especially valu-
able in real-world scenarios with limited computational re-
sources. Although MMCFormer is lightweight per model, it
requires training a separate model for each missing modal-
ity setting, resulting in exponential parameter growth as the
number of modalities increases. In contrast, our method
supports arbitrary modality combinations within a single
unified model, offering both robustness and scalability.

To evaluate the generalizability of our method, we con-
ducted experiments on the BraTS 2020 dataset and com-
pared it with state-of-the-art methods including U-HVED,
mmFormer, M?AE, and LS3M [38]. As shown in Tab. 2,

Figure 5.
BraTS2018, focusing on four extreme cases where only one single
modality remains, as well as the case with all modalities avail-
able. Green: peritumoral edema; yellow: enhancing tumor; and
red: necrotic and non-enhancing tumor core.

Example segmentation results of our method on

our method consistently outperforms all baselines across
the three tumor subregions, achieving average Dice im-
provements of 2.2% (ET), 1.0% (TC), and 0.2% (WT) over
the strongest baseline LS3M. It achieves the highest Dice
scores in 11/15 ET, 10/15 TC, and 11/15 WT cases.

Fig. 5 presents qualitative results under extreme condi-
tions, where only a single modality is provided as input.
These visualizations demonstrate that our model can still
produce accurate and reliable segmentations, highlighting
its robustness to missing modalities. In particular, results
with only the Tlc modality show clearly superior delin-
eation of the enhancing tumor region, reaffirming the im-
portance of Tlc in capturing tumor enhancement.

Figure 6 presents qualitative comparisons between our
method and two state-of-the-art approaches, mmFormer
[36] and M3AE [19], under different modality combina-
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Figure 6. Qualitative segmentation results of different methods,
including mmFormer, M3AE, and our approach, under various
missing-modality settings. Green: peritumoral edema; yellow: en-
hancing tumor; and red: necrotic and non-enhancing tumor core.

tions. Consistent with the quantitative results, all methods
achieve reasonable segmentation quality when the most in-
formative modality, Tlc, is available, even in the single-
modality setting. However, when only T2 is available, both
mmFormer and M3AE show clear performance degrada-
tion, particularly in the red and yellow regions, with ev-
ident spatial misalignment. In contrast, our method re-
mains more robust and produces more coherent delineations
across all tumor subregions. These results demonstrate
that the proposed virtual nodes guided dynamic graph ef-
fectively preserves structural information under missing-
modality conditions, highlighting its advantage in extreme
missing-modality scenarios.

4.4. Ablation Study

To evaluate the contribution of each component in our
framework, we conducted ablation studies summarized in
Table 3. Specifically, we removed one component at a
time—virtual nodes, dynamic edge connections, or the het-
erogeneous weight matrix—to assess its individual impact.
For the variant without dynamic connections, we adopted
a fully connected static graph as a baseline. For the vari-
ant without the heterogeneous matrix, we used a standard
Graph Attention Network (GAT) formulation.

The results show that removing any single component
degrades performance, with the most notable drop observed
in enhancing tumor segmentation. This is consistent with
clinical observations, as ET segmentation heavily relies on
the presence of Tlc. The tumor core and whole tumor re-
gions are comparatively less sensitive, showing only moder-
ate declines. Notably, virtual nodes play a key role in com-

ablation method ET TC WT
w/o virtual nodes 623 794 86.2
w/o | dynamic connection | 64.6 80.5 86.3
w/o | heterogeneous matrix | 62.9 80.9 86.3
total method 66.0 81.4 86.7

Table 3. Ablation study on BraTS2018. The mean performance
(DSC, %) over all modality combinations is reported.

length | ET TC WT | Avg
0 623 794 86.2 | 759
16 654 809 86.6 | 77.6
32 66.0 814 86.7 | 78.0
64 633 79.6 86.6 | 76.5
128 | 63.1 78.4 86.5 | 76.0

Table 4. Different length of virtual nodes of our model experi-
mented on BraTS2018. The mean performance (DSC, %) over all
modality combinations is reported.

pensating for missing modalities, and their removal causes
the largest performance degradation, particularly for the ET
region.

Table 4 examines the impact of virtual node length.
While intuition might suggest that a longer virtual node en-
hances performance by enabling richer feature representa-
tion from missing modalities, our results show optimal per-
formance at a length of 32—beyond which performance de-
clines significantly. This counterintuitive finding indicates
inherent limits to the modality-invariant information infer-
able from missing inputs: a moderate length (32) suffices
to capture essential features, whereas larger dimensions in-
troduce redundant or noisy information that impairs gener-
alization. Additionally, increasing the virtual node length
elevates computational overhead in memory and inference
time. Thus, we select a length of 32, as it balances repre-
sentational capacity and computational cost to achieve the
best trade-off between effectiveness and efficiency.

5. Conclusion

In this work, we present a graph-based framework for mul-
timodal brain tumor segmentation that effectively addresses
missing-modality scenarios. By introducing virtual nodes
and an adaptive connectivity mechanism, our method ac-
commodates arbitrary modality combinations within a uni-
fied one-stage training paradigm and avoids the inefficiency
of conventional two-stage pipelines. Extensive experiments
on BraTS2018 and BraTS2020 show that our approach
achieves competitive or superior performance compared
with state-of-the-art methods. In future work, we plan to ex-
tend the framework to broader medical segmentation tasks
and explore its potential as a plug-and-play solution for
missing-modality challenges beyond the medical domain.
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