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Abstract

Addressing missing modalities is a critical challenge in mul-
timodal brain tumor segmentation. Most existing approaches
merely handle modality-incomplete inputs during inference,
assuming a full set of modalities for all training samples.
However, this unrealistic assumption limits the usage of abun-
dant modality-incomplete data commonly observed in clini-
cal practice. In this paper, we explore a more practical task
of tackling missing modalities during both training and infer-
ence. We propose a universal model featuring robust modality
reconstruction and prompt-guided modality adaptation. Our
mask-reconstruction pre-training enables robust modality-
invariant representation learning, during which we design a
novel distribution approximation method that supervises the
reconstruction of absent modalities without requiring full-
modal training data. Afterwards, when adapting our model to
the segmentation task, we introduce the complete-then-distill
(CTD) paradigm, which first estimates missing modalities in
training samples from the available ones, and then distills the
knowledge from the reconstructed full-modal representations
to enhance learning from modality-incomplete data. More-
over, we propose prompt-guided modality adaptation to per-
sonalize a subset of model parameters during CTD, enabling
the model to adapt to each distinct modality input scenario
by using prompts with rich visual-textual information. Ex-
tensive experiments on two brain tumor segmentation bench-
marks show our method consistently surpasses previous state-
of-the-art approaches under dual-stage missing modality set-
tings across various missing ratios.

Introduction
Brain tumor segmentation, aiming to identify tumor re-
gions, is clinically crucial for diagnosis, progress monitor-
ing, and surgical planning (Pereira et al. 2016; Ranjbarzadeh
et al. 2021). Different magnetic resonance imaging (MRI)
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Figure 1: Comparison between the traditional inference-
stage missing modality problem and the general dual-stage
setting. “MI” denotes “Modality-Incomplete”.

modalities, including T1-weighted (T1), contrast-enhanced
T1 (T1ce), T2-weighted (T2), and Fluid Attenuated Inver-
sion Recovery (FLAIR), are commonly adopted to provide
complementary information for accurate segmentation (Liu
et al. 2022; Xing et al. 2022; Isensee et al. 2021; Zhang et al.
2020). However, in real-world clinical scenarios, the occur-
rence of one or more missing modalities is prevalent due to
artifacts, allergies to contrast agents, or economic considera-
tions (Konwer et al. 2023; Liu et al. 2023a). Missing modal-
ities can significantly hinder both the training and inference
processes of conventional multimodal learning methods, as
these methods are unable to leverage modality-incomplete
data during training and struggle to maintain robust per-
formance when modalities are missing at inference time.
Hence, handling missing modalities effectively at both the
training and inference stages is crucial for robust multi-
modal brain tumor segmentation.

As illustrated in Fig. 1, most of the existing approaches
addressing missing modalities merely focus on modality-
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incomplete data during inference (Liu et al. 2023a; Zhang
et al. 2022; Ding, Yu, and Yang 2021; Wang et al. 2021).
These methods typically assume that all training samples
have a complete set of modalities, and are not optimized to
fully leverage the modality-incomplete data for model train-
ing. Although many existing methods can be adapted to ac-
commodate modality-incomplete training data through zero-
padding, this strategy fails to recover the missing informa-
tion and thus limits the model’s ability to fully exploit the
potential of multimodal learning. Moreover, these methods
often rely on full-modal regularization to learn an unbiased
common latent space. When using a heterogeneous train-
ing set composed of both modality-complete and incomplete
samples, the learned representations could be biased.

Currently, research on handling modality-incomplete data
for segmentation during both training and inference remains
very limited. Konwer et al. (2023) adopt meta-learning to
treat each modality combination as a separate task, using
limited full-modal samples to enhance partial-modal repre-
sentations, but it relies on having enough examples for each
missing modality combination to form meaningful meta-
tasks, limiting its effectiveness to a certain range of missing
modality ratios. M3FeCon (Zeng et al. 2024) always treats
missing modalities in training data as masked in the masked
autoencoder, reconstructing all modalities at the feature level
for segmentation. However, it lacks supervision for recon-
structing missing modalities, often resulting in low-quality,
inaccurate feature estimates and causing biased representa-
tion learning due to modality imbalance.

Therefore, it is a critical yet challenging task to develop
a universal model that seamlessly supports both modality-
complete and incomplete data throughout the training and
inference stages. To address this challenge, we identify two
key obstacles. First, the loss of critical information due to
missing modalities is an obvious issue, which has received
considerable attention in prior research. However, our chal-
lenge extends beyond just the testing phase, as information
loss also occurs during training. This dual-phase informa-
tion loss imposes more stringent demands and challenges on
our method’s design. Second, the varying missing modality
combinations during training and testing result in highly het-
erogeneous data distributions, a factor often overlooked by
previous works. For example, in brain tumor segmentation,
four modalities can result in fifteen possible missing modal-
ity combinations, each corresponding to a distinct data dis-
tribution. Prior studies in multimodal learning have shown
that forcing a model to handle such diverse distributions us-
ing fully shared parameters is suboptimal (Dou et al. 2020).

In this paper, we propose a universal model with robust
modality reconstruction and prompt-based modality adapta-
tion, to address the two critical challenges. For information
loss, we first pre-train our model by the mask-reconstruction
paradigm, which can learn modality-invariant representa-
tions and exploit inter-modal correlations to estimate miss-
ing information. Given the absence of supervision for re-
constructing missing modalities during training, we innovate
distribution approximation, which adopts segmentation loss
to guide the distribution of the reconstructed modalities to
approximate that of real full modalities. Then when adapt-

ing the pre-trained model to segmentation tasks, we design
a complete-then-distill paradigm to effectively utilize the re-
constructed full-modal information to enhance model learn-
ing with missing modalities and ease the modality-biased
problem mentioned by Konwer et al. (2023).

To further address data distribution heterogeneity arising
from various missing modality combinations, we enable the
model to adapt a specific subset of parameters optimized for
each missing-modality scenario. Specifically, we propose
an innovative prompt-guided modality adaptation method,
which encodes the information of available modalities via
combined visual features and textual prompts as input indi-
cators. The indicators guide the hyper-network to adaptively
generate scenario-specific parameters, allowing the model to
effectively handle arbitrary modality combinations.

Overall, our contributions can be summarized as follows:

• We introduce a universal model to address dual-stage
missing modalities, which adequately utilizes modality-
incomplete training data and enables robust inference
with incomplete testing inputs.

• We propose distribution approximation to provide su-
pervision for the reconstruction of absent modalities
during modality-invariant representation learning and a
complete-then-distill strategy to fully leverage the esti-
mated full-modal information when adapting our model
to the segmentation task.

• To address data heterogeneity, we design a prompt-
guided modality adaptation mechanism that can person-
alize a subset of model parameters for each unique miss-
ing modality scenario based on visual-textual prompts in-
dicating modality combination information.

Related Work
Missing Modalities in Medical Image Segmentation
Inference-stage missing modalities. Knowledge distilla-
tion (KD) approaches (Hu et al. 2020; Wei, Luo, and Luo
2023; Wang et al. 2021; Azad, Khosravi, and Merhof 2022)
transfer knowledge from teacher models trained on full-
modal data to student models with missing modalities. Gen-
erative methods (Yang, Sun, and Xu 2023; Lee, Moon, and
Ye 2020; Sharma and Hamarneh 2019) synthesize miss-
ing modalities using available ones to perform segmentation
with the completed data. Shared latent space models (Ding,
Yu, and Yang 2021; Zhang et al. 2022; Chen et al. 2019a;
Zhou et al. 2021; Liu et al. 2023a) encode all modalities into
a common latent subspace to learn modal-invariant repre-
sentations. However, most existing methods lack specific de-
signs for training-stage missing modalities. KD and genera-
tive approaches require full-modal data to train the teacher
or generator. Shared latent space models also strongly de-
pend on complete training data to regularize the common
latent space (Konwer et al. 2023). Although much attention
has been paid to missing modalities at test time, little focus
has been given to training-stage modality incompleteness.

Training-stage missing modalities. Konwer et al. (2023)
incorporated both modality-complete and incomplete train-
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Figure 2: Overview of our proposed universal model for tackling missing modalities during training and inference.

ing data through a meta-learning framework, which can ef-
fectively use full-modal samples to enhance partial-modal
training data. Yet, it lacks flexibility and its performance
degrades substantially with insufficient full-modal data for
meta-test. M3FeCon (Zeng et al. 2024) applies a mask-
reconstruction paradigm to modality features, aiming to re-
cover full-modal features from randomly masked partial-
modal ones, where the absent modalities in the training data
are always treated as masked. The feature reconstruction is
only supervised on the available training modalities and the
reconstructed full-modal features are then used to perform
segmentation. However, simply ignoring the reconstruction
supervision for absent training modalities will lead to low-
quality feature estimates, which directly results in subopti-
mal performance when full-modal samples are scarce.

Modality Adaptation via Model Personalization
Due to high modality heterogeneity in missing modality
scenarios, sharing the same model parameters across dif-
ferent modality combinations often leads to suboptimal re-
sults (Dou et al. 2020). Recent efforts have explored adap-
tive model personalization. Flex-MoE (Yun et al. 2024) used
sparse mixture-of-experts for disease diagnosis, activating a
specific set of experts for each missing modality scenario.
But it required sufficient full-modal data for training, mak-
ing it unsuitable for dual-stage missing modality settings.
Hyper-GAE (Yang, Sun, and Xu 2023) introduced a hy-
pernetwork design to adjust model parameters based on bi-
nary indicators representing modality availability. However,
it treated modalities as entirely independent and failed to se-
mantically model the collaboration between them.

Methodology
In this section, we introduce our framework for dual-stage
missing modalities in multimodal brain tumor segmentation,
as shown in Fig. 2. In pre-training, our model reconstructs all
four modalities from masked inputs, applying reconstruc-
tion loss only to available training modalities, while our
distribution approximation supervises the reconstruction of
missing modalities at the distribution level. The pre-trained
model not only provides initialization for the segmenta-
tion task as it has learned modality-invariant representations,
but also naturally serves as a modality recovery module.
When adapting our model to segmentation tasks, we pro-
pose complete-then-distill paradigm. The student model is
trained with modality dropout, while the teacher receives
full-modal data completed by the modality recovery mod-
ule; the teacher’s full-modal representations enhance the stu-
dent’s partial-modal ones, and the modality recovery mod-
ule is continually refined during training. Prompt-guided
modality adaptation is integrated into both teacher and stu-
dent models, enabling flexible adaptation to various missing
modality scenarios and addressing data heterogeneity. Dur-
ing inference, we only keep the student model.

Distribution Approximation in Pretraining
A key challenge in addressing dual-stage missing modal-
ities is how to enable the model to learn modality-robust
representations that benefit modality-incomplete inference
and recover absent modality information in the training data.
We have identified mask-reconstruction paradigm as an ex-
ceptionally suitable solution, as it not only learns modality-
invariant features through pre-training but also naturally re-
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constructs full-modal data during this process. However, for
modality-incomplete training data, missing modalities lack
ground truth for reconstruction supervision. Simply ignoring
them and calculating the loss only on modalities with ground
truths leads to poor reconstruction quality for the miss-
ing modalities in the training data. Furthermore, modality-
imbalanced supervision during pre-training results in subop-
timal learning of modality-invariant representations, which
affects the model’s robustness to missing modalities during
inference. Formally, we denote the train set D = {Df ,Dm},
where Df and Dm denotes the subset of full-modal and
modality-incomplete data respectively. Let M represent the
total number of modalities. For a training sample x ∈ Dm,
where x = {xi}Mi=1 and xi = 0 if the i-th modality is miss-
ing, the reconstruction loss on the available modalities is:

Lrec(x̂,x) =
1

|{xi|xi ̸= 0}|
∑

i∈{i|xi ̸=0}

∥x̂i − xi∥2, (1)

where x̂ is the reconstructed full modalities.
To regularize the reconstruction of missing modalities

during training, we propose distribution approximation that
employs a pre-trained multimodal segmentation model1 and
uses the segmentation loss to provide modality distribution-
level supervision without relying on modality reconstruction
ground truth. The underlying assumption is that a multi-
modal segmentation model with fair generalization should
exhibit superior performance (i.e., the lowest loss) when
provided with full-modal input, compared to any other
partial-modal inputs. In this regard, if we fix the segmen-
tation model’s parameters and minimize the segmentation
loss to optimize the modality reconstruction process, we can
maximize the probability that the reconstructed modalities
conform to the real full-modal distribution. Through dis-
tribution approximation, we shift the supervision of recon-
struction from relying on modality ground truth to relying on
segmentation labels, which are available even in modality-
incomplete training data. This can be formulated as:

min
x̂

Lseg(f(x̂),y), (2)

where y is the segmentation label, f(·) denotes the pre-
trained segmentation model, and Lseg is segmentation loss,
e.g., cross-entropy. Then, our mask-reconstruction pretrain-
ing with distribution approximation can be represented as:

min
θ

Lrec(ϕθ(MASK(x)),x) + λLseg(f(ϕθ(MASK(x))),y),

(3)
where ϕθ(·) denotes our model during pre-training param-
eterized by θ, MASK(·) is the masking operation, and λ is a
factor set to 0.1 that controls the weight of supervision pro-
vided by distribution approximation.

Complete-then-Distill Paradigm
After mask-reconstruction pre-training, we adapt the pre-
trained model, which has learned robust modality-invariant
representations, on the segmentation task. Following the

1In practice, the segmentation model can be obtained by train-
ing a model on D (this work) or using publicly available models.

common practice in missing modality research, we apply
modality dropout during training to help the model adapt
to modality-incomplete inputs during testing. For missing
modalities in the training data, a straightforward solution is
using the pre-trained model as a modality recovery module
to complete absent modalities. However, we observe dis-
crepancies between the quality of the reconstructed miss-
ing modalities and that of those available real modalities
(see Appendix). Directly combining reconstructed missing
modalities and available modalities as full-modal samples
for training leads to suboptimal performance.

To address this problem, we propose the complete-then-
distill paradigm. Previous studies show that imperfect syn-
thetic data can be used to distill the teacher model and
improve the student model’s generalization (Mordvintsev,
Olah, and Tyka 2015; Chen et al. 2019b). Inspired by this,
given that the full-modal data completed by modality re-
covery module consists of high-quality real modalities and
relatively low-quality reconstructed modalities, we adopt
knowledge distillation to effectively utilize the recovered
full-modal information to compensate for information loss
caused by modality-incomplete training data.

As shown in Fig. 2, our complete-then-distill paradigm
consists of a modality recovery module Mrec, a frozen
teacher model T , and a learnable student segmentation
model S . The Mrec and S are both initialized by pre-trained
parameters. We first use Mrec to estimate the absent modali-
ties x̂m and combine them with available real modalities xa

to recover full-modal data x̂full. The x̂full is then fed into T to
extract multi-scale features FT

l = Tl(x̂full), l = 1, 2, . . . , L.
The student model’s input during training is obtained by ap-
plying modality dropout to xa. Therefore, the multi-scale
features in student model FS

l = Sl(MDrop(xa)), l =
1, 2, . . . , L, where MDrop(·) refers to modality dropout. We
perform knowledge distillation on the multi-scale features,
leveraging the recovered full-modal data to activate the full-
modal knowledge within the teacher model, thereby enhanc-
ing the student model’s partial-modal features:

LKD =
L∑

l=1

||FT
l − FS

l ||22. (4)

To further refine the missing modality estimation quality,
Mrec is learnable during the complete-then-distill process
and is continually tuned via distribution approximation:

LMrec = Lseg(T (x̂full), y), (5)

where Lseg here is a mixture of Dice loss and cross-entropy
loss, and y is the segmentation label.

Prompt-guided Modality Adaptation
Beyond information loss, another challenge posed by miss-
ing modalities is the significant heterogeneity in modality
distributions. We propose prompt-guided modality adapta-
tion as a solution. It adopts a hyper-network to adaptively
adjust a subset of model parameters for different miss-
ing modality scenarios according to visual-textual modality
prompts. Hyper-network (Ha, Dai, and Le 2017) involves
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using a simple neural network to generate parameters for an-
other primary network, which allows the primary network to
adapt its weights on the fly to different tasks or data points.

Concretely, given input images x = {xi}Mi=1 with their
binary modality code c = {ci|ci = 1 if xi ̸= 0 else 0}Mi=1,
we first form a textual prompt following the template:
“The input MRI modalities are {available modalities}.” This
prompt is fed into a frozen text encoder to obtain a textual
semantic embedding Zt. Here, we employ the off-the-shelf
CLIP text encoder (Radford et al. 2021) which has been pre-
trained on a large amount of data and proven to be able to
capture anatomical relationships (Liu et al. 2023b). There-
fore, we use its prior knowledge to semantically model the
inter-modal synergy for each specific missing modality com-
bination by the extracted text embedding. Simultaneously,
we apply global average pooling to the visual feature maps
of our model, producing a feature-level representation Zv .

The textual and visual embeddings are concatenated to
form a semantically-rich indicator, which is input into the
hyper-network, i.e., a multi-layer perceptron (MLP), to gen-
erate the weights and biases for the set of Lhyp prediction
layers in the decoder as follows:

{wi, bi}
Lhyp

i=1 = MLP(Zv ⊕Zt), (6)

where wi and bi denote the weights and biases of the i-th
adaptive layer. By fusing textual prompts and visual repre-
sentations, our approach incorporates both explicit semantic
knowledge of modality presence and contextual visual infor-
mation. This enables our model to personalize for each spe-
cific input, effectively handling the heterogeneity in modal-
ity distribution caused by missing modalities.

Overall Objective for Segmentation
For our segmentation network, the Dice loss is used to min-
imize the difference between the predicted segmentation
mask and labels: Ltask = Ldice(S(MDrop(xa), c), y), where
c is the modality code indicating modality presence for
prompt-guided modality adaptation. Overall, we jointly use
segmentation loss, modality recovery model refining loss in
Eq. (5), and KD loss in Eq. (4) to optimize our framework:

min
θS ,θM

Ltask + αLMrec + βLKD, (7)

where θS represents the parameters of our student segmen-
tation model, θM is the parameters of the learnable modality
recovering module, α and β are used to control the refining
of Mrec and knowledge distillation respectively.

Experiment
Datasets and Evaluation Metrics
We conduct all the experiments using BraTS2018 and
BraTS2020 (Menze et al. 2015), two widely used datasets
for multimodal brain tumor segmentation that comprise 285
and 369 preprocessed cases, respectively. Each subject has
four MRI sequences in size of 155 × 240 × 240. The seg-
mentation labels include three classes, which are whole tu-
mor (WT), tumor core (TC), and enhancing tumor (ET). We
follow the data split in previous works (Liu et al. 2023a;

Ding, Yu, and Yang 2021) for training, validation and test-
ing, which is 199:29:57 for BraTS2018 and 219:50:100
for BraTS2020. Each MRI scan has been skull-stripped,
co-registered to the same template, and re-sampled to 1
mm3 resolution. Following the common practice for BraTS
datasets, we adopt the Dice Similarity Coefficient (DSC ↑)
and the 95th percentile Hausdorff Distance (HD95 ↓) to
quantitatively evaluate the segmentation performance.

Implementation Details
To simulate real-world heterogeneous training data, we con-
struct the dataset by sampling a specified ratio of full-modal
(FM) subjects and randomly discard 1–3 modalities in the
rest. We adopt a 3D U-Net with group normalization as
the backbone, following prior works (Wang et al. 2021; Liu
et al. 2023a). Standard 3D augmentations including crop-
ping, normalization, intensity transforms, and flipping are
applied. Both pre-training and segmentation training use
Adam optimizer (initial learning rate 3×10−4, weight decay
5×10−4), with cosine learning rate decay. Pre-training runs
for 600 epochs (batch size 2), while segmentation employs
early stopping (up to 1000 epochs, batch size 1). α and β
in Eq. (7) are set to 1.0 and 0.1 after a simple grid search.
At inference, we evaluate our model under all 15 possible
modality combinations and report the average.

Comparison with State-of-the-art Methods
We compare our method with SOTA missing modality
methods under the dual-stage missing modality scenario.
RFNet (Ding, Yu, and Yang 2021), M3AE (Liu et al.
2023a), and IM-Fuse (Pipoli et al. 2025) are designed to
handle inference-stage missing modalities, whereas Meta-
learning (Konwer et al. 2023) and M3FeCon (Zeng et al.
2024) are for both training and inference stages. To en-
able the training of inference-stage methods, we use zero-
padding to impute the absent training modalities. Since the
code of Meta-learning is currently not available, we re-
implement it on our backbone following the original paper
and tune the hyperparameters. We train these methods using
training sets with varying FM ratios (1%, 10%, and 50%),
and then test them under all 15 different modality input sce-
narios. For a fair comparison, all these approaches are im-
plemented using the same dataset split and backbone.

Tab. 1 shows the performance of our model and other
SOTA methods on BraTS2018 under the dual-stage miss-
ing modality scenario. The FM ratio of training data is set
to 1%, which challenges the model’s robustness in han-
dling training-stage missing modalities. Our method outper-
forms previous SOTA methods on the average DSC across
all 15 inference-stage missing modality scenarios and three
tumor regions. M3AE is the second-best method overall,
while our approach outperforms it by 4.84%, 1.86%, and
0.74% on ET, TC, and WT, respectively. The superior per-
formance demonstrates that our model can effectively utilize
the heterogeneous training data comprising both modality-
complete and incomplete samples and robustly generate seg-
mentation masks for inputs with different missing modality
combinations during inference. We further set different FM
ratios for the training data on BraTS2018 and BraTS2020,
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Region

FLAIR ◦ ◦ ◦ • ◦ ◦ • ◦ • • • • • ◦ •
Avg.T1 ◦ ◦ • ◦ ◦ • • • ◦ ◦ • • ◦ • •

T1c ◦ • ◦ ◦ • • ◦ ◦ ◦ • • ◦ • • •
T2 • ◦ ◦ ◦ • ◦ ◦ • • ◦ ◦ • • • •

ET

RFNet 37.46 66.52 24.27 32.57 71.27 69.56 36.19 36.53 39.10 71.68 71.69 39.94 71.70 71.55 71.82 54.12∗

M3AE 41.61 66.42 35.76 38.32 70.00 66.82 39.08 42.53 42.23 67.87 69.85 40.42 71.25 68.05 69.55 55.32∗

IM-Fuse 35.23 67.61 34.64 29.50 68.61 68.52 36.17 42.56 32.26 67.82 67.73 38.86 66.27 67.68 65.46 52.59∗

Meta 25.32 58.33 20.03 22.71 65.65 64.49 21.01 26.86 24.80 67.12 67.40 25.37 69.08 69.26 67.55 46.33∗

M3FeCon 30.31 67.40 30.76 38.24 72.86 69.99 40.51 34.50 39.15 74.51 72.63 40.70 72.42 73.41 72.41 55.32∗

Ours 45.50 75.00 41.87 39.68 73.55 75.33 42.36 48.17 45.58 73.68 73.91 43.95 74.07 75.17 74.62 60.16

TC

RFNet 63.55 77.42 54.81 57.60 79.74 79.59 65.42 66.83 66.86 79.04 79.71 69.38 79.97 79.85 80.16 72.00∗

M3AE 68.48 80.72 67.64 67.14 82.21 80.96 70.45 70.26 70.81 82.18 82.33 70.94 82.82 82.29 82.49 76.11∗

IM-Fuse 63.18 76.95 61.85 62.81 78.83 78.99 69.89 68.10 67.75 79.40 80.93 70.40 80.51 79.45 80.70 73.32∗

Meta 50.00 70.87 47.04 47.83 75.19 71.96 52.64 54.57 52.33 74.84 73.98 57.49 74.99 76.41 74.79 63.66∗

M3FeCon 53.42 71.47 56.03 61.67 78.09 78.58 68.68 59.49 65.39 81.66 81.99 68.63 81.32 80.67 81.56 71.24∗

Ours 73.29 83.33 68.19 69.10 84.56 83.50 71.23 73.39 73.02 83.67 83.62 73.16 83.48 83.11 82.89 77.97

WT

RFNet 84.20 71.87 70.49 84.04 84.92 75.33 85.31 84.61 88.20 87.82 87.31 88.89 89.49 85.01 89.39 83.79∗

M3AE 84.48 75.96 76.86 88.49 83.93 78.04 88.50 84.45 89.20 87.22 87.43 89.05 87.40 84.05 87.63 84.85∗

IM-Fuse 83.36 74.69 75.17 85.43 84.43 78.25 86.95 83.98 87.72 87.36 87.17 87.66 88.28 84.34 87.63 84.16∗

Meta 77.12 66.90 62.65 82.15 77.59 70.82 82.24 74.69 83.46 83.61 83.14 84.69 84.32 77.66 83.15 78.28∗

M3FeCon 79.57 66.29 69.41 85.77 79.36 74.35 88.10 82.65 87.83 86.65 87.32 88.45 87.19 82.70 87.31 82.20∗

Ours 85.95 75.62 77.05 87.96 86.35 77.13 88.23 86.73 89.37 87.84 88.38 89.43 88.60 86.25 88.92 85.59

Table 1: Comparison with state-of-the-art methods on three tumor regions (ET, TC, WT) under 1% FM ratio on BraTS2018.
DSCs across 15 inference-stage input modality scenarios are reported. The best and second best scores are bolded and
underlined, respectively. Statistically significant improvements of average DSC with p < 0.05 are denoted by ∗.
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Figure 3: Comparison with SOTA methods on BraTS2018
(left) and BraTS2020 (right) under different FM ratios.

as shown in Fig. 3. Our method outperforms SOTA methods
under all FM ratios, demonstrating its general robustness to
varying degrees of missing modalities in training. Results on
the HD95 metric are provided in the appendix.

Fig. 4 visualizes segmentation masks from Meta-learning,
M3AE, and our method with four different test-time input
modality combinations. All the models are trained under 1%
FM. As the number of input modalities decreases, our model
consistently produces more accurate masks, showing supe-
rior effectiveness in dual-stage missing modality scenarios.

Ablation Studies
Effectiveness of key components We first assess the con-
tribution of each component in our framework: distribu-

Meta-L M3AE Ours GTInput
T2

T1ce

T1ce

FLAIR

T2

T1ce

T1ce

FLAIR

T2

T1ce

T1ce

FLAIR

T2

T1ce

T1ce

FLAIR

Figure 4: Visualization results from three methods (1% FM)
for different input modality combinations. Red, green, and
purple regions indicate WT, TC, and ET, respectively.

tion approximation (DA), prompt-guided modality adap-
tation (PGMA), and complete-then-distill (CTD). Mask-
reconstruciton pre-training serves as the baseline: we only
calculate the reconstruction loss on available modalities of a
specific sample; modality dropout is used to adapt it on the
segmentation task. The dual-stage missing modality results
(1% FM) in Tab. 2 show that incorporating DA during pre-
training improves the average performance by 1.43% over
the baseline. This demonstrates that DA can effectively com-
pensate for the incomplete supervision caused by the lack
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Methods 1% FM 100% FM

ET TC WT Avg. ET TC WT Avg.

Mask-Rec 55.53 75.53 84.97 72.01 60.07 77.22 85.30 74.20
+ DA 58.34 76.99 84.99 73.44 60.69 78.05 85.43 74.72
+ PGMA 59.76 77.68 85.51 74.32 61.31 78.91 85.69 75.30
+ CTD 60.16 77.97 85.59 74.57 — — — —

Table 2: Ablation study of key components under 1% and
100% FM ratio. DA, PGMA, and CTD refers to distri-
bution approximation, prompt-guided modality adaptation,
and complete-then-distill.

of reconstruction ground truth in missing modalities dur-
ing pre-training, thereby enhancing the quality of modality-
invariant representation learning. Based on this, we further
incorporate the CTD to the segmentation model when fine-
tuning the pre-trained model on segmentation tasks, aim-
ing to enhance its capability of adapting to heterogeneous
modality input combinations. This results in a 2.31% im-
provement compared to the baseline. By further introducing
PGMA, we effectively utilize the recovered full-modal in-
formation to enhance partial-modal representations, and fi-
nally achieve a 2.56% advantage relative to baseline.

Tab. 2 further shows that DA and PGMA are effective for
the inference-stage missing modality problem (100% FM).
Here, CTD is not discussed as it is not required when train-
ing data are modality-complete. The results indicate that
our DA improves both pre-training with incomplete data
and general modality-invariant representation learning, as
it guides the model to focus on important tumor region-
related information by encouraging better segmentation per-
formance from reconstructed modalities.

Detailed analysis of the complete-then-distill paradigm
We conducted experiments using four configurations. Re-
sults are shown in Tab. 3. (a) is the baseline, which is the
same as the Mask-Rec + DA in Tab. 2; (b) and (c) use
the frozen teacher model to conduct feature-level knowl-
edge distillation. Wherein, (b) merely uses teacher fea-
tures of available modalities to enhance partial-modal rep-
resentations in the student model. (c), on the other hand,
adopts Mrec to complete missing modalities and extracts
full-modal teacher features for distillation. (d) allows Mrec
to be learnable during training to further refine modality
completion quality. The comparison between (a) and (b)
shows that using teacher features extracted from all available
real modalities for knowledge distillation is ineffective and
can slightly reduce performance, even though the teacher
uses more modalities than the student’s partial-modal fea-
tures. This is due to the heterogeneity of modality distribu-
tions in the training data, which causes forceful alignment
to lead to low-quality features and bias in the student model.
Therefore, as shown in (c), introducing Mrec in complete-
then-distill alleviates the information loss caused by miss-
ing modalities. The completed full-modal data enables the
teacher to extract informative full-modal knowledge, which
is then used to enhance the partial-modal representations in
the student. (d) demonstrates the effectiveness of continu-

id Mrec KD LMrec ET TC WT Avg.

(a) 58.34 76.99 84.99 73.44
(b) ✔ 58.35 76.79 85.09 73.41
(c) ✔ ✔ 59.21 77.21 85.17 73.87
(d) ✔ ✔ ✔ 59.61 78.10 85.05 74.25

Table 3: Analysis of prompt-guided modality adaptation.
Results are reported by DSC under 1% FM ratio.
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Figure 5: Analysis of prompt-guided modality adaptation.

ously refining Mrec during training with Lrec to improve the
estimation quality of missing modalities.

Detailed analysis of prompt-guided modality adaptation
Fig. 5 shows the ablation results of our prompt-guided
modality adaptation. The baseline remains the same as (a)
in Tab. 3. Experiments are conducted under 1% FM ratio,
and average DSCs across 15 modality combinations are re-
ported. We replace the text encoder with a 2-layer MLP to
generate modality embedding using binary modality indi-
cator. It can be seen that an improvement of 0.38% on the
mean of three regions is achieved by using simple binary in-
dicator, proving the effectiveness of adaptive model person-
alization using hyper-network. Nevertheless, binary codes
assume that each modality is independent to other modali-
ties and ignore the inter-modal correlations and synergies.
By designing a more informative visual-textual indicator,
our prompt-guided modality adaptation improves the per-
formance on all three tumor regions, and the average DSC
increases from 73.44% to 74.32%.

Conclusion
In this paper, we present a universal model to tackle miss-
ing modalities during both training and inference. We in-
novate distribution approximation for mask-reconstruction
pre-training, through which our model learns modality-
invariant representations and missing modality reconstruc-
tion. After that, when adapting our model to segmentation
tasks, we propose complete-then-distill paradigm to effec-
tively utilize the full-modal knowledge recovered by recon-
struction to enhance partial-modal representations in the stu-
dent model. We also design a prompt-guided modality adap-
tation to alleviate modal distribution heterogeneity. Through
robust modality reconstruction and model personalization,
our model demonstrates superior performance on two brain
tumor segmentation benchmarks, surpassing other methods
under all missing stages with various missing ratios.
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