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Abstract. Multimodal medical image segmentation is often challenged
by two factors: (i) missing modalities that disrupt cross-modal feature
consistency, and (ii) residual inter-modality misalignment that degrades
feature fusion. To this end, we propose MoCaf-Mamba (Modality Com-
pletion and Alignment in feature space), a Mamba-based framework
that unifies feature-space modality completion and deformable feature
alignment for missing-modality segmentation. Specifically, the Modality
Completion in Feature Space (MICFS) predicts missing-modality rep-
resentations from available modalities and is trained with explicit recon-
struction constraints to preserve segmentation-relevant semantics. The
Deformable Feature Alignment (DFA) is integrated hierarchically into
the encoder and predicts a bounded dense displacement field for feature-
level warping, mitigating geometric discrepancies during fusion. Finally,
the Space Token Mixer (STM) aggregates completed and aligned multi-
scale features via a dual-branch design with a global consensus token,
producing a robust representation for decoding under arbitrary missing
patterns. Experiments on MM-WHS, BraTS2023, and Prostatel58 show
that MoCaf-Mamba consistently improves missing-modality segmenta-
tion and achieves state-of-the-art results across diverse missing settings.
The code is available at: https://github.com/wekiqs/MoCaf-Mamba

Keywords: Missing-Modality Segmentation - Feature-Space Modality
Completion - Deformable Feature Alignment - Multimodal Medical Im-
age Analysis

1 Introduction

Multimodal medical imaging provides complementary evidence for accurate di-
agnosis and treatment planning [3]. For example, CT/MRI, multi-sequence MRI,
and multiparametric MRI are widely used for heart, brain, and prostate segmen-
tation, respectively [27, 2, 1]. In practice, however, one or more modalities are fre-
quently unavailable due to protocol constraints, motion/artifact corruption, or
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cost, resulting in arbitrary missing-modality inputs at inference [10]. Designing
segmentation models robust to such incomplete observations is crucial.

Existing missing-modality methods broadly fall into three categories: (i)
static filling (e.g., mmFormer [24], IM-Fuse [16]), which is efficient but causes
feature-statistics mismatch and loses modality-specific semantics; (ii) learnable
placeholders (e.g., M3Ae [12]), which reduce discontinuities but are content-
agnostic; and (iii) pizel-level reconstruction (GAN /diffusion/VAE) [22, 25], which
is computationally heavy and may not align with segmentation-relevant objec-
tives. Motivated by these limitations, we argue that effective missing-modality
segmentation should complete missing information in feature space and align
heterogeneous modalities before fusion. Feature-space completion targets task-
relevant semantics without expensive synthesis, while alignment mitigates resid-
ual geometric discrepancies that accumulate across scales and blur boundaries.

Based on this principle, we propose MoCaf-Mamba (Modality Completion
and Alignment in feature space), a Mamba-based multi-scale framework uni-
fying feature-space modality completion and deformable feature alignment. We
design three modules: (1) Modality Completion in Feature Space (M CFS) pre-
dicts missing-modality representations conditioned on available ones with recon-
struction supervision. Its completion backbone uses bidirectional Mamba-style
state-space blocks [8] to capture long-range spatial dependencies over tokenized
feature sequences. (2) Deformable Feature Alignment (DFA) performs hierar-
chical feature-level alignment by predicting a bounded dense displacement field
and warping features via differentiable sampling, reducing inter-modality dis-
crepancies before fusion. (3) Space Token Mixer (STM) aggregates completed
and aligned multi-scale features with a dual-branch design combining convolu-
tional local cues and token-based global context via a consensus token, enabling
robust decoding under arbitrary missing patterns.

Our contributions are three-fold: (1) We propose MoCaf-Mamba, a unified
framework for feature-space completion and alignment in missing-modality seg-
mentation. (2) We instantiate this with three modules: MCFS, DFA, and STM.
(3) Experiments on BraTS2023, Prostatel58, and MM-WHS show consistent
improvements over recent baselines across diverse missing settings.

2 Related Work

Missing-Modality Learning. Existing methods mainly adopt robust fusion
or reconstruction. Robust-fusion models such as mmFormer [24] and IM-Fuse [16]
process available modalities with masking/zero-filling, improving tolerance to
missing inputs but often without explicitly recovering modality-specific seman-
tics from cross-modal correlations. Learnable placeholders (e.g., M3Ae [12]) re-
duce discontinuities yet remain content-agnostic. Reconstruction-based approaches
synthesize missing modalities using GANs/diffusion/VAEs [5, 28, 14]; however,
pixel-level objectives can be computationally heavy and may not align with
segmentation-relevant representations. In contrast, we perform feature-space com-
pletion to recover missing-modality semantics efficiently.
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(a) Overview of MoCaf-Mamba
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Fig. 1. Overview of MoCaf-Mamba. Given arbitrary missing-modality inputs (e.g., T2,
DWI), MCFS completes missing latent features (e.g., ADC). DFA performs multi-scale
deformable feature alignment to mitigate residual discrepancies, and STM conducts
consensus-aware fusion for the UNETR-style decoder.

Multimodal Fusion and Alignment. While models such as HyPCA-Net [6]
and Probabilistic Multimodal Learning [18] are true multimodal fusion architec-
tures, they typically assume well-aligned inputs. In practice, motion or defor-
mation causes residual misalignment, which global affine warping cannot fully
address. We therefore introduce Deformable Feature Alignment (DFA) for hier-
archical feature-level correction.

Visual State Space Models. Mamba-based models [8, 26] demonstrate strong
long-range modeling with linear complexity. Recent segmentation variants in-
clude VM-UNet [17], U-Mamba [15], SegMamba [23], and small-lesion-oriented
S3-Mamba [20]; multimodal extensions like M-Mamba$ [21] also exist. However,
existing multimodal methods such as DRIFA-Net [7] lack 3D missing-modality
support. Our work fills this gap via feature-space completion and alignment for
3D volumetric data.

3 Method

Overview. We propose MoCaf-Mamba, a multi-scale framework for missing-
modality segmentation that unifies modality completion and feature-space align-
ment under (i) incomplete multimodal inputs and (ii) residual inter-modality
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discrepancies during fusion (Fig. 1). MoCaf-Mamba uses parallel bidirectional
Mamba encoders [8,26] for modality-specific feature extraction. Given inputs
X ={Xy,..., Xk} with an arbitrary missing subset, the pipeline follows completion—
alignment—fusion: (1) MCFS performs feature-space modality completion with
reconstruction supervision; (2) DFA performs multi-scale deformable feature
alignment via a bounded displacement field; (3) STM conducts consensus-aware
fusion of completed and aligned features for the UNETR-style decoder [9].
Modality Completion in Feature Space (MICFS). MCFS performs feature-
space modality completion by predicting missing-modality features conditioned
on the available modalities (Fig. 1). For a target modality k, we first fuse the
available features into a compact shared context and then condition the comple-
tion backbone on a modality-specific Style Token T; (one token per modality,
shared across samples) to capture modality-dependent characteristics while pre-
serving shared anatomical semantics. We treat each 3D feature map as a sequence
of spatial tokens (flattened from the voxel grid), enabling efficient long-range de-
pendency modeling in latent space.

Let Fin = {F;}, denote the encoder features, and let m; € {0,1} be an
availability mask where m; = 1 if modality ¢ is present and 0 otherwise (unavail-
able slots zero-filled). The completed feature Fge, , for a missing target modality
k (aiming to reconstruct the ground-truth latent feature Fy) is obtained as

K
Fgen,k: = HMamba (éfuse (i@l(mi . Fz)) ® 776) 5 (1>
where @ denotes channel-wise concatenation and @g . extracts a shared context
from the fixed-dimensional ordered inputs. We implement @y, as a lightweight
channel-mixing layer (e.g., 1x1x1 conv) to produce a compact context with
the same spatial size as Fj, and employ Hyamba as a lightweight U-shaped
bidirectional state-space generator [8,26] that preserves spatial resolution while
modeling long-range dependencies for feature completion.

To supervise completion, we apply modality dropout during training and
minimize the feature-level reconstruction loss

1
Lrec = m Z | Faen,k — Fel3, (2)

keMdrop

where Mgyop, denotes the set of dropped modalities. This objective encourages
anatomically plausible, segmentation-relevant completions and stabilizes fusion
under missing inputs. The training objective is £ = Lseq + ArecLirec; Where Lgeg
is the segmentation loss and A,... balances completion supervision.

Deformable Feature Alignment (DFA). After feature-space completion,
DFA performs feature-level deformable alignment to mitigate residual inter-
modality discrepancies. DFA give the concatenated features {F}; }fil, the offset
predictor @,gee¢ outputs modality-specific 3D displacement fields A; for each
modality. Each feature F; is then warped by its own bounded field via STN [11]:

K
Ay, A = ¢offsec( D Fj) . Falign,i = Warp(F;, A -tanh(4;)), (3)
i=1



MoCaf-Mamba 5

where @50t is a shallow convolutional stack instantiated per scale, and Warp(-)
denotes trilinear interpolation. DFA is applied hierarchically across multiple en-
coder resolutions because residual mismatch may occur at different semantic
scales, requiring scale-specific correction. The tanh(-) nonlinearity bounds the
offset magnitude to stabilize training and avoid overly large deformations.
Space Token Mixer (STM). STM performs consensus-aware fusion by com-
bining convolutional local cues with voxel-wise cross-modal interactions. STM
is applied on aligned multi-scale features (at selected resolutions). We explicitly
define Fgpatial as the output of the local 3D convolutional branch, which captures
spatial context. To model cross-modal interactions efficiently, at each voxel v, we
form K modality tokens F(¥) = [ ffv), ceey I(g )] and prepend a single learnable
Hybrid Token Thybria to build Z() = [Tiypma; F*)]. Crucially, self-attention [19]
is applied only along this modality-token dimension (with a sequence length of
K + 1), rather than over the spatial voxels:

QK'
ven

We extract the updated token Ty ;,;4 and inject it back with a weighted residual:

Attn(Z2™)) = Softmax( ) V, Q,K,V=2ZUW,.,. (4)

Fou = Espatial + o T}llybrid7 (5)

where « is learned end-to-end. Since attention is computed over only K+1 tokens
(where K is small, e.g., < 5), STM adds negligible overhead and scales linearly
with spatial size.

4 Experiments

We evaluate MoCaf-Mamba on three multimodal benchmarks. BraTS2023 in-
cludes 1,251 glioma cases with four MRI modalities (T1/T1ce/T2/FLAIR) and
three tumor sub-regions (WT/TC/ET). MM-WHS contains 20 CT/MRI vol-
umes for whole-heart segmentation. Prostatel58 has 139 cases with T2, DWI,
and ADC maps, targeting Transition Zone (TZ) and Peripheral Zone (PZ) seg-
mentation. We report Dice (%) averaged over all missing subsets per benchmark.
Implementation Details. We implement MoCaf-Mamba in PyTorch and
train on NVIDIA V100 GPUs using RAdam [13] (Ir=10"2) with cosine annealing
for 500 epochs (batch size=4). We use a 7:1:2 train/val/test split with standard
augmentations (flip/rotation and intensity), simulating missing modalities via
Bernoulli dropout (p = 0.5). For fair comparison, all baselines are trained from
scratch under the same splits, augmentation, optimizer schedule, and missing-
modality simulation protocol.
Results on BraTS2023.

Table 1 reports Dice across missing-modality subsets. MoCaf-Mamba achieves
the best average performance on three targets (ET/TC/WT), with Avg Dice of
65.4%/83.6%/88.8%, and consistently outperforms mmFormer and IM-Fuse on
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the subset-averaged metric. Moreover, MoCaf-Mamba remains competitive in se-
vere missingness (single-modality inputs), indicating that feature-space comple-
tion in MCF'S helps mitigate feature-statistics disruption under missing modal-
ities.

Table 1. Quantitative results on the BraTS2023 dataset. The segmentation perfor-
mance for Enhancing Tumor (ET), Tumor Core (TC), and Whole Tumor (WT) is
evaluated. e/o: available/missing modality.

FLAIR

T1

Tlc

T2

MsAe [12] 47.0 47.6 73.1 51.3 50.8 73.7 54.7 73.7 53.0 73.4 73.9 55.1 73.8 73.6 73.8|63.2
RobustSeg [4] [42.6 45.4 70.7 45.4 49.5 71.0 50.6 71.6 50.1 71.4 71.6 52.9 71.4 71.8 71.7|60.5
= SFusion [14] 48.5 49.2 65.4 49.8 66.1 58.4 65.9 59.1 66.2 57.5 66.5 58.8 58.2 66.9 67.1|60.2
R mmFormer [24]|48.2 51.0 72.0 52.0 53.6 72.8 54.4 72.6 54.7 73.0 73.2 56.0 73.3 73.3 73.3|63.6
IM-Fuse [16] 47.1 46.4 57.8 44.6 58.3 49.8 58.1 49.0 57.8 47.6 58.1 57.8 49.9 57.9 57.9|53.2
Ours 40.1 52.8 76.2 52.1 55.2 76.7 54.2 75.9 57.1 77.3 75.9 59.2 76.6 76.2 76.3|65.4

MsAe [12] 74.4 71.8 88.4 73.5 75.9 90.4 75.7 88.9 74.9 90.1 90.7 76.2 90.6 90.5 91.0| 82.9
RobustSeg [4] |70.2 68.1 86.4 66.8 74.2 88.4 72.6 87.9 T1.5 87.7 89.2 74.4 88.7 88.5 89.4|80.3
O SFusion [14] |73.5 72.8 86.5 74.2 87.1 76.9 86.8 77.4 86.6 77.8 87.5 87.2 78.5 87.6 87.8|81.9
E mmFormer [24]| 73.4 72.1 88.3 73.8 76.4 89.6 76.0 89.1 75.8 89.3 90.2 77.2 89.6 89.7 90.2|82.7
IM-Fuse [16] |72.2 71.3 84.3 72.7 84.4 74.5 84.4 74.6 84.2 74.7 84.4 84.3 75.4 84.3 84.3|79.3
Ours 71.5 70.5 87.9 73.3 81.9 89.5 75.9 89.1 76.3 90.2 89.6 86.6 89.9 90.7 91.2|83.6

MsAe [12] 89.6 78.9 77.9 86.5 90.4 90.5 90.8 79.6 87.6 87.7 90.5 91.1 91.2 88.0 91.1|87.4
RobustSeg [4] |88.9 77.8 77.6 85.0 90.5 90.5 90.7 80.6 87.3 87.1 90.7 91.1 91.3 87.8 91.4|87.2
H SFusion [14] 85.2 79.5 79.1 86.8 85.5 85.2 82.4 87.1 86.9 87.5 85.8 87.4 87.6 87.2 87.9|85.4
mmPFormer [24]/90.6 80.8 79.8 87.2 91.2 91.4 91.5 82.8 88.5 88.2 91.5 91.7 91.9 88.7 91.9| 88.5
IM-Fuse [16] 83.4 78.7 78.4 85.2 84.1 84.1 80.7 85.9 85.7 85.8 84.3 86.1 86.1 85.9 86.2| 84.0
Ours 89.8 80.4 80.1 86.8 90.8 91.3 90.8 87.3 89.5 88.7 91.8 91.5 91.7 89.6 92.1|88.8
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Avg.

Results on Prostatel58. When ADC is missing (T2-+DWI subset in Ta-
ble 2), MoCaf-Mamba maintains strong performance (Avg Dice: 81.9%) with only
a limited drop from the full-modality setting (82.0%). Overall, MoCaf-Mamba
achieves the best average Dice (75.8%), improving over RobustSeg (74.9%) and
MsAe (75.2%), and is best (or tied-best) on both TZ and PZ.

Results on MM-WHS. Table 3 summarizes results on MM-WHS. MoCaf-
Mamba achieves the best average Dice (78.7%), improving over RobustSeg by
2.7% under our protocol. It benefits from complementary CT/MRI cues when
both modalities are available and remains competitive when one modality is
missing, indicating stable fusion across input combinations.

Feature Completion and Efficiency. Figure 2 (left) shows MCFS yields
high cosine similarity between zero-input and completed features in anatomically
consistent regions, confirming effective cross-modal feature completion. The effi-
ciency comparison (right) demonstrates that MoCaf-Mamba achieves favorable
accuracy-efficiency trade-offs across all three datasets, with linear-scaling Mamba
backbone maintaining competitive throughput despite increased parameters.
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Table 2. Results on Prostatel58 (Dice, %). We segment Transition Zone (TZ) and
Peripheral Zone (PZ). o/o: available/missing modality.

T2 ° o o ° ° ° o (¢} °

ADC o [} ¢} ° o o ° o 3

DWI o o . o o o o ° .
| TZ PZ Avg.
MsAe [12] 88.3 76.4 81.2 88.4 88.2 81.8 88.5(73.6 48.3 57.8 74.0 74.2 57.1 74.4|75.2
RobustSeg [4] |88.2 74.0 79.7 88.2 88.2 80.5 88.1|75.2 47.1 56.7 75.5 75.1 57.0 75.1|74.9
SFusion [14] 87.0 71.6 79.9 87.1 87.8 79.2 87.3|72.3 45.2 56.8 73.0 72.5 56.2 72.1|73.6
mmFormer [24]|87.6 73.4 80.5 87.3 87.2 80.6 86.7|72.2 47.8 56.2 72.4 72.4 56.5 72.4|73.8
IM-Fuse [16] 86.3 75.7 79.8 85.9 85.7 80.7 85.5|69.3 50.0 56.9 68.4 68.0 56.7 67.6|72.6
Ours 88.5 77.2 82.3 88.4 88.6 82.8 88.5/75.2 48.2 57.5 75.5 75.2 57.0 75.5|75.8

Table 3. Results on MM-WHS (Dice, %) for substructures: Left Ventricular My-
ocardium (LM), Left Atrium (LA), Left Ventricle (LV), Right Atrium (RA), Right Ven-
tricle (RV), Ascending Aorta (AA), and Pulmonary Artery (PA). e/o: available/missing

CT/MRL
CT
MRI
LM \ LA \ LV RA
MsAe [12] 67.1 79.1 82.1|62.6 87.2 86.4|76.2 85.1 88.2|68.9 78.7 81.8
RobustSeg [4] |65.3 81.7 84.2|65.1 87.5 90.3|78.7 82.5 89.2|66.8 84.4 85.6
SFusion [14]  |62.4 79.5 80.3|59.1 87.0 88.1|76.0 87.7 90.0|62.4 83.1 87.6
mmFormer [24]|64.8 78.0 82.0(70.3 87.8 89.7|78.8 77.8 86.1|70.1 82.7 83.1
IM-Fuse [16] |68.5 69.9 74.2|68.5 82.4 84.0|85.9 80.0 85.9|71.1 79.8 77.8
Ours 67.3 81.3 85.7/65.8 90.1 90.6|76.5 82.8 89.0(78.2 87.5 88.5
RV \ AA \ PA \ Avg.
M3 Ae [12] 76.1 83.6 87.3|57.1 72.9 75.9]46.8 70.7 74.3 75.6
RobustSeg [4] |78.1 75.1 85.0|49.0 70.6 78.0|49.4 73.2 75.3 76.0
SFusion [14] |76.1 71.1 79.4|59.8 70.3 79.5|48.0 73.0 76.2 75.0
mmFormer [24]|72.6 67.2 77.9|61.8 71.1 78.7|48.8 77.0 78.1 75.5
IM-Fuse [16] |74.3 66.5 78.6|65.6 61.4 71.7|51.4 67.3 66.3 72.9
Ours 83.6 70.8 89.9|65.1 75.5 83.9|50.9 74.9 75.0 78.7

Ablation Studies.

Table 4 reports ablations on Prostatel58. Starting from
the baseline (Avg Dice 74.1%), introducing MCFS consistently improves per-
formance (Avg 74.7), indicating that feature-space modality completion allevi-
ates the disruption caused by missing inputs. Adding DFA on top of MCFS
further boosts accuracy to 75.2, with notable gains on PZ (65.0—65.8), sug-
gesting enhanced cross-modality interaction and complementary cue aggrega-
tion. Replacing DFA with STM yields 75.3 Avg and the largest PZ improve-
ment (65.0—66.1), highlighting the benefit of consensus-aware fusion for difficult
structures under incomplete modalities. The full model achieves the best overall
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Fig. 2. Left: Cosine similarity between zero-input features and MCFS-completed fea-
tures on Prostate158 under different missing-modality combinations. Gray /white boxes
indicate available/missing modalities. Right: Throughput vs. parameter count across
three datasets for 2 (o), 3 (¢), and 4 (A) modality inputs.
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Table 4.  Ablation on _.
Prostatel58 (Dice, %). Top: ¢
Proposed modules. Bottom: g.
Vision backbones. :
Method TZ PZ Avg. .
Effectiveness of Proposed Modules -
Baseline 83.5 64.6 74.1 .
+ MCFS 84.3 65.0 T74.7 .

+ MCFS+DFA 84.6 65.8 75.2
+ MCFS+STM 84.5 66.1 75.3
Full Model 85.2 66.3 75.8

Investigation of Vision Backbones

Fig. 3. Qualitative ablation on Prostatel58 under

different missing-modality settings. Gray/white
ResNet3D 82.1 61.0 71.6 s . A s
Swin3D 835 621 728 boxes indicate available/missing  modalities
Mamba (Ours) 85.2 66.3 75.80 (TQ/DWI/ADC) Red/green denote TZ/PZ,
respectively.

performance (Avg 75.8), demonstrating that completion, interaction, and fusion
modules provide complementary benefits. Furthermore, to justify our choice of
vision backbone, we replace the Mamba encoders with a 3D CNN (ResNet3D)
and a 3D Transformer (Swin3D) within the full framework. The Mamba back-
bone significantly outperforms both ResNet3D (Avg 71.6) and Swin3D (Avg
72.8), confirming its superior capability in modeling long-range dependencies for
3D missing-modality representation.

Qualitative Ablation Analysis. The qualitative results are consistent with
the ablation trends. The baseline shows noticeable boundary leakage and frag-
mentation, especially on the thin PZ (green) under severe missingness. Adding
MCEFS yields more stable and GT-aligned contours across missing patterns, in-
dicating that feature-space completion recovers segmentation-relevant cues from
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available modalities. Further introducing DFA /STM refines fine boundaries and
reduces local artifacts, improving cross-pattern consistency. Overall, the full
model produces the cleanest and most accurate TZ/PZ delineations, particu-
larly in single-modality cases.

5 Conclusion

We presented MoCaf-Mamba, a multi-scale framework for missing-modality
segmentation that unifies modality completion and feature-space alignment under
incomplete inputs and residual inter-modality discrepancies. Specifically, MCFS
completes modalities in feature space, DFA provides bounded feature alignment,
and STM ensures consensus-aware fusion for robust decoding across missing
patterns. Experiments on BraTS2023, MM-WHS, and Prostatel58 show that
MoCaf-Mamba consistently improves performance over recent baselines, includ-
ing extreme single-modality settings. These results indicate that feature-space
completion and alignment provide an effective pipeline for practical scenarios
with incomplete observations and subtle distortions. Future work will focus on
improving DFA efficiency for real-time 3D deployment and strengthening feature
completion under domain shifts.
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