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Abstract. Multimodal MRI is valuable for brain tumor segmentation
because different modalities highlight different tumor subregions. In clin-
ical practice, however, complete modalities are often unavailable due to
shortened protocols or when contrast cannot be used. As a result, seg-
mentation is often performed with incomplete-modality inputs, and the
key challenge is to fuse available modalities. Existing approaches often
introduce long-range dependency modeling for fusion, yet two challenges
remain. First, 3D features are typically flattened into a 1D token se-
quences for global interaction, which could weaken spatial structure.
Second, missing modalities are commonly replaced by zeros during fu-
sion. Fusion then has fewer valid modality features to aggregate, which
makes the fused features sparse in effective information. In this paper,
we propose HK-Fuse, a Hilbert-interleaved Kimi fusion framework for
incomplete-modality brain tumor segmentation. HK-Fuse organizes mul-
timodal features with 3D Hilbert scanning to preserve spatial structure.
It performs cross-modal fusion with Kimi Delta Attention, which sup-
ports a selective mechanism to reduce the impact of zero-filled inputs. We
further introduce Key-Voxel Routing to apply cross-modal interaction se-
lectively on informative key voxels. Extensive experiments on BraTS2023
validate the effectiveness of HK-Fuse across all 15 missing-modality sce-
narios. Code is available at https://github.com/weizhizhang7/HK-Fuse.
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1 Introduction

In brain tumor segmentation, complementary contrasts from multi-sequence
MRI (FLAIR, T1, Tlce, and T2) provide critical cues for accurately delineating
the WT/TC/ET subregions. However, complete modalities are often unavail-
able in clinical practice due to shortened scanning protocols, motion artifacts,
or contraindications to contrast agents. Evidence from multicenter glioma co-
hort studies and public data resources indicates that missing MRI sequences
(i.e., missing modalities) are not uncommon in clinical data [14, 5]; for example,
in a multimodal glioblastoma MRI resource released by The Cancer Imaging
Archive (TCIA) [8], 54 out of 315 (about 17%) initially identified MRI scans
were excluded due to missing MRI sequences. Missing modalities have been
widely recognized as a key practical factor that limits the robustness of brain
tumor segmentation models.

Current incomplete-modality segmentation approaches generally follow two
paradigms: (1) explicit modality completion, which synthesizes missing modal-
ities via reconstruction-based [17,12,25] or transfers knowledge via distillation-
based [2,11,16,18,21,23]; and (2) latent-space feature fusion [7,13,27,6,4,10,
19], which learns robust shared representations directly from available inputs.
Recently, sequence modeling methods based on Transformers [22] or state space
models (SSMs) [9] have combined long-range dependency modeling with cross-
modal feature fusion to mitigate the loss of complementary information caused
by incomplete inputs, achieving competitive performance under this paradigm.
Specifically, mmFormer [26] models long-range correlations with Transformers,
while IM-Fuse [15] adopts SSMs for efficient long-sequence modeling.

Nevertheless, applying such sequence models to 3D incomplete multimodal
data still exposes two challenges. First, a straightforward design flattens the 3D
features of each modality and concatenates them into 1D token sequence. This
sequence fusion does not reliably preserve local spatial context for 3D segmen-
tation [3,24]. Second, during modality fusion, zero tokens are typically used to
replace missing modalities to maintain tensor-shape consistency. This practice
reduces the number of effective modality features in the fused representation,
leading to sparse feature information and degrading the segmentation of small-
volume tumor subregions that rely more on strongly informative modalities [1].

These limitations motivate a cross-modal fusion method that maintains spa-
tial structure in long-range interaction and suppresses the effect of zero-filled
missing-modality tokens through a finer-grained selective mechanism.

To address these challenges, we propose HK-Fuse, a Hilbert-interleaved Kimi
fusion framework for incomplete-modality brain tumor segmentation. Its core
component is the Hilbert-Interleaved KDA Block (HK-Block). HK-Fuse serializes
multimodal tokens using 3D Hilbert scanning and arranges them in a fixed-slot,
modality-interleaved ordering, which better preserves 3D spatial locality and
maintains cross-modal alignment during long-range interaction. On top of this
ordering, we adopt Kimi Delta Attention (KDA) [20] as the core cross-modal fu-
sion mechanism. We perform bi-directional scanning, allowing tokens to integrate
context from both directions to capture long-range dependencies. Its selective
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mechanism limits the impact of zero-filled missing-modality inputs, thereby al-
leviating effective-information sparsity and enabling stable fusion across diverse
missing-modality settings. Moreover, we introduce a Key-Voxel Routing in the
high-resolution skip connections which selects Top-K informative key voxels for
sparse cross-modal interaction.

Contributions:

1. We propose the HK-Block, leveraging 3D Hilbert scanning and fixed-slot
organization for spatially consistent long-range cross-modal alignment.

2. We employ bi-directional Kimi Delta Attention (Bi-KDA) for fusion, en-
abling context aggregation from both directions while suppressing zero-filled
missing-modality effects.

3. We propose Key-Voxel Routing that selects Top-K informative key voxels on
high-resolution skip features for sparse cross-modal interaction, supporting
more reliable delineation under missing modalities.

Evaluations on the BraTS2023 dataset, across all 15 missing-modality com-
binations demonstrate that HK-Fuse achieves competitive segmentation perfor-
mance, with average Dice scores of 90.4/85.9/77.3 for WT /TC/ET, respectively.

2 Method

2.1 Preliminary

Kimi Delta Attention [20] is a linear attention architecture that performs token
mixing through an efficient state-based update rule inspired by the Delta Rule.
A key property of KDA is its channel-wise decay together with a gated write,
giving fine-grained control over how much each token retains past state and
writes new information. This suits our fixed-slot setting: zero-filled slots carry
no modality evidence and write little, while valid-slot context is retained or
selectively decayed, yielding more stable fusion under incomplete inputs.

St = (I — ﬁt ktk;r> Dlag(at) St—l =+ 6t kt’l);r, (1)

where, S; denotes the memory state matrix at step ¢t and S;_1 is the previous
state; k; and v, are the key/value vectors of the current token, and (-)" indi-
cates transpose so that k:tk;r and k;v; become outer-product terms; Diag(c;)
constructs a diagonal matrix from o, to decay S;_; channel-wise (forgetting);
B¢ is a write gate that scales the rank-1 write-in term k;v; and modulates the
suppression/correction along the current key direction via I — ﬁtktk:;r , where 1
is the identity matrix.

2.2 Overview

As illustrated in Fig. 1, HK-Fuse is designed as a U-shaped hybrid architecture
that follows established incomplete-modality fusion frameworks [26, 15]. We de-
fine the set of modality as M = {FLAIR, T1, Tlce, T2}, with M = |M| = 4.
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Fig. 1: Overview of the proposed HK-Fuse architecture.

We also define a fixed order of modality-slots @ = [my, ma, m3, my4] (consistent
with the order of the input channel) and allocate one slot per m; for every
voxel. Given the multimodal input set X = {X,, | m € M}, each modality-
specific volume is denoted as X,,, € REXWXD ‘where H x W x D represents the
spatial dimensions. To preserve modality-specific features, we employ M par-
allel non-shared convolutional encoders to extract hierarchical representations.
Following mmFormer [26], we introduce a Bernoulli indicator d,, € {0,1} dur-
ing training to simulate missing modalities. Specifically, ,, = 1 indicates that
modality m is present; if modality m is missing (d,, = 0), its input is zero-filled
before fusion. Subsequently, cross-modal fusion is performed at the bottleneck
via the HK-Block. The fused representation is mapped back to refine features
for subsequent decoding. For skip connections, we introduce Key-Voxel Routing
to conduct cross-modal fusion at selected key-voxel locations. Finally, a shared
convolutional decoder progressively aggregates the bottleneck and multi-scale
skip features to generate voxel-wise segmentation predictions.

2.3 Hilbert-interleaved KDA Block

Let FL € REOXHXWixDi denote the stage-l encoder output feature map for
modality m € M, where | € {1,2,...,5}, C; is the channel dimension, and
(H;,W;, D;) are the spatial dimensions; we apply the HK-Block only at the bot-
tleneck stage (I = 5), while Key-Voxel Routing applies the same fusion operator
at selected voxel locations on higher-resolution skip stages (I € {1,2,...,4}).

3D Hilbert-Interleaved Fixed-Slot. To better preserve 3D spatial locality
during long-range interaction, we serialize bottleneck voxel features using a 3D
Hilbert scan, denoted by a permutation index Zyipert. We then form a fixed-slot,
modality-interleaved sequence by placing the M modality tokens of each voxel
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consecutively according to the Hilbert order. Let N = H;W;D; be the number
of voxels, and Zsq € RWM)XCr denote the Hilbert-ordered 1D sequence where
each voxel yields M modality slots in fixed order; missing slots are zero-padded
to preserve alignment. This voxel-wise interleaving keeps each voxel’s M slots
adjacent so co-located modalities interact directly.

Bi-directional Kimi Delta Attention. We apply bi-directional KDA on the
flattened sequence Zgq of length T' = N x M. We perform two scans with shared
parameters: a forward scan (—) that processes tokens from step t = 1 to T', and
a backward scan (<) that processes the reversed order. Let 6; denote the fused
output token at position ¢, obtained by combining the forward and backward
readouts:

6, =0 (S Ta;” +S; "a), (2)

where S;7,S;~ € R*C¢ are the memory states evolved from the input token
at step t, and q;’,qf are the corresponding queries. Here ¢(-) denotes a linear
projection. As in Eq. (1), the channel-wise selective mechanism controls how
past states contribute at each step in the fixed-slot layout. Finally, the resulting

sequence is mapped back to the 3D grid via the inverse mapping Iﬁﬁb ort

2.4 Key-Voxel Routing

High-resolution skip features provide fine-grained anatomical and boundary cues.
Because dense cross-modal fusion over all high-resolution voxels is costly and
largely redundant, Key-Voxel Routing performs sparse interaction only at a
fixed-budget set of the most informative key voxels.

To identify more informative regions, we form Fag,

stacking the modality features {F! },,cr along channels, and compute F
RCZXHLXWZXDl

o c R4C[XHZXWL><DL by

agg €
by mask-aware averaging over the available modalities. Next, a
agg tO predict a
voxel-wise importance map s = g(Fp,,) , from which we select the
Top-K key interaction index set §2 = Top-K(s, K). Here, K is fixed to 200 to
keep the number of key voxels at a comparable order of magnitude across scales
and to prevent high-resolution levels from dominating the selection.

Meanwhile, another branch applies a depth-wise separable convolution to
F,qe to produce a local refinement output Fpw € REXHXWixDi - For voxel
locations in the set {2, we organize the corresponding features into a fixed-slot
format and feed them into the HK-Block for cross-modal fusion; the fused tokens
are scattered back to the original grid, yielding a refined feature map Fxpa €
RO HXWixDi Rinally, we fuse the two branches in a residual manner:

scoring head g(-) composed of a 1 x 1 x 1 Conv is applied to F
c RH[ X Wi x Dy

Fivr = Fly + Fow + Fkpa- (3)

We feed Fxyr into the subsequent decoder.
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Table 1: Comparison of segmentation performance (Dice Score) under 15 differ-
ent missing modality patterns. The available modalities are indicated by e, and
missing ones by o. The best results are highlighted in bold.

FLAIR o
T1 o
o
L]

Type Tlce

T2

O @ O O
O O e O
O O o e
® @ O O
O e @ O
OO0 e e
® O @ O
e O O e
O @ O e
O e e @
e O o o
e e O o
® ® & O
o o 00

U-HVED [80.1 63.5 71.2 82.8 85.1 79.0 86.8 83.9 87.9 86.8 88.4 89.3 90.0 86.8 90.8|83.5
Rob.Seg |85.3 76.1 74.7 88.7 89.3 79.7 90.6 87.3 90.8 91.2 91.6 91.4 92.0 88.7 92.2|87.3
mmPFormer|88.5 83.7 82.8 91.4 90.1 85.5 92.2 89.8 91.3 92.7 92.8 92.5 93.0 90.5 93.0/90.0
SFusion |87.0 77.6 78.5 89.1 88.7 81.3 90.8 88.2 91.3 91.2 91.7 91.6 92.1 88.8 92.2|88.0
M3AE |[88.5 82.5 81.7 91.5 89.7 83.6 91.9 89.2 92.2 92.5 92.6 92.1 93.0 90.0 92.9|89.6
M3FeCon [88.5 81.2 81.2 87.7 89.5 83.9 89.4 89.8 92.1 90.0 90.5 92.7 92.6 90.7 93.1|88.8
IM-Fuse [88.7 83.7 83.0 91.8 90.2 85.5 92.4 90.1 92.6 92.8 92.8 93.0 93.1 90.5 93.3|90.2
HK-Fuse |89.0 84.4 83.1 91.7 90.6 86.1 92.5 90.1 92.6 93.0 93.1 92.9 93.1 90.7 93.2|90.4

U-HVED [61.7 81.9 47.1 58.9 84.8 84.9 68.0 60.2 66.5 81.9 84.4 68.9 84.4 85.3 86.0|73.7
Rob.Seg [69.8 85.9 66.9 70.2 88.4 87.7 76.3 73.9 76.0 89.6 90.3 78.1 90.0 89.6 90.5|81.5
mmPFormer|74.5 89.2 73.6 78.3 90.6 90.1 80.6 77.5 80.0 90.7 90.9 80.8 91.0 90.8 91.0|84.7
SFusion |74.3 86.7 70.4 74.0 89.4 88.4 77.4 76.5 77.8 88.6 89.1 78.5 89.3 89.5 89.5|82.6
M3AE |77.9 89.9 75.9 76.8 90.8 90.5 79.9 78.9 79.2 90.9 91.2 79.9 91.5 91.0 91.5|85.1
M3FeCon |75.9 90.1 74.1 72.3 90.7 90.6 77.1 79.5 79.1 90.9 91.2 80.9 91.2 91.4 91.1|84.4
IM-Fuse |76.5 90.5 75.4 78.891.291.2 80.9 79.1 79.9 91.491.6 81.4 91.3 91.591.5|85.5
HK-Fuse |77.8 90.4 77.2 78.7 91.1 91.2 81.280.7 81.4 90.9 91.4 82.4 91.1 91.3 91.3|85.9

U-HVED |40.1 76.6 21.5 39.9 78.2 73.3 43.9 36.1 47.5 76.5 78.5 47.6 78.2 79.2 79.3|59.8
Rob.Seg |50.5 80.2 44.8 50.3 82.4 81.7 55.4 53.9 57.4 82.7 83.7 59.0 82.8 82.9 83.6|68.8
mmPFormer|58.3 84.1 54.7 58.8 84.7 84.7 62.5 62.5 63.9 84.9 84.8 66.0 84.2 85.9 84.7|73.6
SFusion |54.3 82.2 48.9 52.2 83.8 83.6 57.4 57.1 59.0 83.9 83.8 60.1 83.9 84.0 84.0|70.6
M3AE |58.8 82.5 56.0 56.7 85.8 84.9 60.7 60.6 61.2 85.6 85.9 62.3 85.7 85.1 85.6|73.2
M3FeCon [56.6 82.8 53.8 53.2 83.9 84.3 58.0 61.2 60.4 83.5 84.0 62.4 84.0 84.4 84.2|71.8
IM-Fuse [59.6 83.5 56.3 59.5 84.9 84.5 63.9 63.6 64.3 85.0 85.1 67.0 85.2 85.6 85.8|74.3
HK-Fuse |62.0 87.2 59.6 62.4 88.2 88.6 66.7 65.3 67.2 88.9 88.9 68.8 88.9 88.8 88.8|77.3

TC

ET

2.5 Decoder and Loss Function

We adopt a U-Net—style convolutional decoder to progressively upsample the
fused representation and merge it with the corresponding skip connections,
yielding the final segmentation logits. To encourage each modality-specific en-
coder to produce informative high-level features on its own, we follow the mm-
Former training paradigm and introduce a shared-weight auxiliary decoder. This
shared decoder performs tumor segmentation independently on the output of
each modality encoder, while reusing the same decoder architecture as the main
convolutional decoder to keep the supervision consistent. Moreover, we generate
additional predictions from intermediate decoder stages by interpolating their
feature maps to the full resolution and applying supervision on these outputs.
The overall objective is defined as:

L-1
Etotal — Z £<:7rlmoder + Z £?ecoder + Eoutput7 (4)
meM i=1

where M denotes the modality set and L is the number of decoder stages.
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Fig. 2: Visual comparison of different segmentation methods on BraTS2023.

3 Experiments

Datasets and Implementation Details. We evaluate HK-Fuse on the BraTS2023
dataset, utilizing four MRI modalities (FLAIR, T1ce, T1, T2) to segment three
tumor subregions (WT, TC, ET). The framework is implemented in PyTorch 2.5
and trained on NVIDIA A100 GPUs (80GB). Optimization is performed using
RAdam and a cosine annealing scheduler with an initial learning rate of 3 x 10~4
for 1000 epochs. During training, the modality-availability mask ¢ € {0,1}* is
uniformly sampled from the 15 missing-modality combinations for each.

Comparison with the State-of-the-Art. We compare HK-Fuse with repre-
sentative methods for incomplete-modality brain tumor segmentation, including
U-HVED [7], Rob.Seg [4], mmFormer [26], SFusion [13], M3AE [12], M3FeCon [25]
and IM-Fuse [15]. For fair evaluation, we follow the BraTS2023 benchmark pro-
tocol provided by [15]. Table 1 reports the quantitative results under this setting.
HK-Fuse achieves the best average performance across all 15 missing-modality
combinations and attains the top score in most scenarios. Over repeated training
runs, HK-Fuse yields average WT/TC/ET Dice of 90.42 +0.07 / 85.89 +£0.31 /
77.3440.18, indicating stable performance. Notably, on the most challenging en-
hancing tumor region, our method outperforms the runner-up by 3.0pp, indicat-
ing improved robustness when discriminative cues are incomplete. Furthermore,
under extreme single-modality settings (FLAIR-only, T1ce-only, T1-only, and
T2-only), HK-Fuse achieves the best ET performance in all four cases and re-
mains consistently competitive on the tumor core (TC), demonstrating its ability
to capture features critical for segmenting small and complex tumor structures.
A per-combination analysis shows that HK-Fuse improves ET over the strongest
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baseline (IM-Fuse) in all 15 settings by +1.7-4.1 pp, with the largest gains when
Tlce—the dominant ET cue—is available (e.g., T14+T1lce, FLAIR+T1ce). When
T1ce is missing, HK-Fuse still gains +2.5 pp on ET on average, and TC improves
by +1.0-1.8 pp in five such settings, so the benefit is not limited to ET.
Qualitative visualizations (Fig. 2), generated following [15] benchmark imple-
mentation, corroborate these findings: as modalities are progressively removed,
competing methods exhibit boundary leakage or false-positive spread, whereas
HK-Fuse produces more spatially consistent TC/ET regions with fewer leakage
artifacts and large false-positive blobs. Fig. 3 shows that HK-Fuse attains higher
segmentation accuracy while maintaining a comparable parameter budget. On a
single A100 (batch size 4), HK-Fuse trains in 112h vs. 120h for IM-Fuse, with
the same 1.5s/case inference, so the accuracy gains incur no extra runtime cost.

Ablation Study. We conduct a stepwise ablation study to evaluate the con-
tributions of the HK-Block and KVR, with results summarized in Table 2. As
components are progressively integrated, the overall performance consistently
improves: adding the HK-Block to the baseline increases the average Dice by
1.4pp. Furthermore, adding KVR on top of the HK-Block (i.e., the full HK-
Fuse) improves the ET Dice by 4.7pp compared with the HK-Block-only vari-
ant. These results are consistent with the role of KVR: by routing cross-modal
interaction to informative voxels on high-resolution skips, it improves ET per-
formance under missing modalities and reduces leakage artifacts in qualitative
comparisons. For the routing budget, the Avg. Dice for K = 100/200/300,/400 is
84.16/84.34/83.63/84.32; we adopt K = 200 as it achieves the best result, with
no consistent gain from larger budgets.

Table 2: Ablation study of HK-Fuse on

. ©85.0 HK-Fuse
BraTS2023. (a) represents using only < X ae vIMFuse
. ]
baseline, (b) adds HK-Block, and (c) 583 mmformer
(u} . M->FeCon
adds KVR. (A) represents HK-Block ~ ¥80.0 SFusion _RobustSeg
® UHVED
and (B) represents KVR. 2775 Robustse
A mmformer
%75_0 Squsion
| Dice Score (%) 572 5] o x Wecon
Method A B > : UHVED V  IMFuse
|WT TC ET A <7OO *  HKFuse (Ours)
veg. .
€ 0 20 40 60 80
(a) 86.7 81.4 71.2 79.8 Parameters (M)
(b) v |87.9 83.0 72.6 81.2

(o) v|ss.8 83.6 73.6 82.0 Fig. 3: Efficiency comparison of state-
HK-Fuse v v |90.4 85.9 77.3 84.3 Of—the-art methOdS on BraTSQOQS
Avg. Dice (%) vs parameters (M).
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4 Conclusion

In this work, we propose a Hilbert-interleaved Kimi fusion framework HK-Fuse,
for incomplete-modality brain tumor segmentation. The method targets two
practical issues in long-sequence fusion: maintaining 3D spatial structure during
token interaction and reducing effective-information sparsity caused by zero-
filled missing-modality inputs. HK-Fuse serializes multimodal tokens with 3D
Hilbert scanning using a fixed-slot, modality-interleaved organization, fuses them
with bi-directional Kimi Delta Attention, and introduces Key-Voxel Routing on
high-resolution skip connections to restrict interaction to Top-K informative
voxels. Experiments on BraTS2023 across all 15 missing-modality combinations
show that HK-Fuse achieves competitive segmentation performance under the
same evaluation protocol.
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