Uni-Encoder Meets Multi-Encoders: Representation Before Fusion for
Brain Tumor Segmentation with Missing Modalities

Supplementary Material

This supplementary material details data preprocess-
ing and inference settings, reports additional metrics on
BraTS 2023 and BraTS 2024, presents extended ablation
studies on crop and patch sizes, analyzes model com-
plexity, and discusses limitations of UniME.

A. Data Preprocessing

We follow standard BraTS preprocessing practices used
in recent work [16, 24, 45, 68]. We load the four
MRI modalities (FLAIR, Tlce, T1, and T2) and the as-
sociated segmentation labels from the original BraTS
dataset. We do not resample the voxel grid or alter
spatial coordinates. We compute a brain mask as the
union of non-zero voxels across modalities and apply
z-score normalization per modality and per case within
this mask.

For comparability with previous work [36, 67, 68]
that trains with 128 x 128 x 128 crop size, and because
a few volumes have a dimension less than 128, we apply
symmetric padding along the affected axis to 128 vox-
els. The impact of this padding is empirically negligible.
For the BraTS 2023 dataset, only one case has a dimen-
sion of 127 voxels, so padding does not alter gross tumor
morphology or bias evaluation.

BraTS 2024 corresponds to a post-operative glioma
segmentation setting and introduces an additional anno-
tation for the resection cavity, which is not present in
the standard pre-operative BraTS datasets. To ensure
compatibility with prior incomplete-modality segmenta-
tion methods and maintain consistent evaluation across
BraTS 2023 and BraTS 2024, the resection cavity is
merged into the enhancing tumor class during prepro-
cessing. Then, the evaluation regions therefore follow
the standard BraTS definition: the whole tumor (WT)
includes all abnormal regions, the tumor core (TC) in-
cludes necrotic or non-enhancing tumor together with
enhancing tumor, and the enhancing tumor (ET) re-
gion corresponds to the merged enhancing tumor cate-
gory. Under this protocol, the enhancing tumor region
in BraTS 2024 effectively represents the union of en-
hancing tumor and resection cavity.

B. Inference Details

At inference, we use a 3D sliding-window strategy
with overlap. For each model, the window size equals
the training crop size, and the stride is half the win-
dow length, yielding 50% overlap. Per-window logits

are passed through softmax and accumulated as spatial
probability maps. In overlapping regions, probabilities
are averaged across overlapping windows, and the final
voxel label is obtained via argmax.

To suppress false positives in the enhancing tumor
region, we apply a standard post-processing rule [16, 24,
27, 45, 68]. If the predicted ET volume contains fewer
than 500 voxels, we set the corresponding ET mask to
zero. For completeness, Tab. 8 and Tab. 9 report ET
segmentation performance on BraTS 2023 and BraTS
2024 before and after this post-processing.

C. Extended Comparisons

In addition to the DSC comparisons in Tab.1 and Tab.2,
we also evaluate boundary quality using the 95th per-
centile Hausdorff Distance (HD95), which provides a
robust measure of boundary accuracy. Specifically, for
two 3D segmentation surface point sets A and 0B, the
directed 95th percentile Hausdorff distance is defined as:

hos(A, B) = 7795%{;25% la—bllz:a€dA}, )

where Pys5o, denotes the 95th percentile and ||||o the Lo
norm. The HD95 between A and B is defined as:

HD95 = max(hg5 (A, B), hg5 (B7 A)) (9)

We compute HD9S5 for the WT, TC, and ET using the
DisTorch implementation [42].

Tab. 10 and Tab. 12 report HD95 results on BraTS
2023 and BraTS 2024, respectively. Across both
datasets, UniME consistently outperforms competing
methods on WT and ET in HD95. Performance on TC
is very close to the best-performing method. Overall,
UniME accurately characterizes lesion boundaries, as
reflected by HD9S.

D. Extended Ablation Studies

Effect of Crop Size. Transformers capture long-range
dependencies, and previous work in general medical
image segmentation indicates that increasing the input
resolution can improve segmentation performance [9].
Therefore, we conduct ablations on crop size at 80, 96,
and 128. Tab. 13 reports the detailed results.

As shown in Tab. 13, a crop size of 96 yields the best
overall performance, balancing context coverage and
computational efficiency. Larger crops improve WT ac-
curacy, indicating that UniME benefits from additional
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HeMIS 496 30.62 591 1892 5734 4631 18.09 7.63 2147 6583 68.14 1848 68.17 6023 67.41 | 37.30

U-HEVD 3596 71.10 2241 36.63 7589 7397 41.62 39.12 4507 7627 77.08 4584 77.15 76.75 77.49 | 58.16

RFNet 46.89 79.36 3873 40.97 80.56 80.82 48.62 5045 55.10 81.10 8220 5596 81.27 81.08 81.59 | 65.65

mmFormer 46.19 78.64 3870 41.46 80.75 80.84 47.01 4896 51.54 8135 81.82 53.64 81.28 81.23 81.48 | 64.99

ET M3AE 58.68 82.61 54.02 57.17 8393 83.13 60.73 60.35 63.09 8426 84.63 63.52 84.56 83.65 84.62 | 72.60

MZ2FTrans 53.01 82.12 44.80 4849 83.06 83.11 5422 5529 5848 8328 83.56 58.88 8333 83.28 83.40 | 69.22

IM-Fuse 50.57 8130 48.19 51.15 82.00 8231 5500 54.78 57.18 8251 8295 58.61 8225 8241 82.50 | 68.91

MZSegMamba 54.06 8132 50.29 5444 8295 83.09 59.13 5792 6028 8295 8348 62.13 83.07 8340 83.44 | 70.80

Ours 59.16 84.15 54.24 58.69 85.55 84.29 62.16 61.07 63.83 84.71 84.89 6490 8540 8541 85.51 | 73.60

HeMIS 496 30.62 591 1892 5734 4631 1889 7.60 2146 6583 6854 18.76 6856 60.23 67.74 | 37.44

U-HEVD 3595 71.10 2241 36.63 7589 7396 42.02 3898 45.07 76.27 7748 4624 7750 77.11 78.67 | 5835

RFNet 4887 80.51 3940 41.63 81.76 81.62 4922 5144 5580 8270 8420 57.05 8247 83.08 83.59 | 66.89

mmFormer 46.59 79.84 39.05 4198 8235 8279 47.09 49.67 5250 8290 83.35 5439 82.88 83.23 83.08 | 66.11

ET* M3AE 58.68 8395 54.00 57.09 8479 85.12 60.90 6025 63.03 8490 8580 63.50 8543 8523 85.74 | 73.23

M?FTrans 54.58 84.04 4579 49.81 8503 8551 5534 5660 60.18 84.87 8556 6038 8490 8564 85.78 | 70.93

IM-Fuse 51.74 8285 4880 51.74 8440 8430 56.04 56.68 5871 84.51 8534 6094 8425 8481 84.90 | 70.67

M2SegMamba 54.84 81.72 51.09 5524 8455 8349 5948 58.69 60.59 84.53 84.67 6237 8427 8540 85.03 | 71.73

Ours 61.12 86.95 5535 60.00 87.54 87.40 63.15 62.11 65.11 87.59 87.94 6593 87.80 87.87 87.98 | 75.59

Table 8. Performance comparison of ET region segmentation (DSC %) on BraTS 2023. Available and missing modalities are
denoted by e and o, respectively. ET represents the enhancing tumor region without post-processing, while ET* indicates results

after applying post-processing. =, , and

indicate the first-, second-, and third-best performance, respectively. WT, TC, and ET

represent whole tumor, tumor core, and enhancing tumor, respectively.

Flair o o o . o o . o . . . . . o .
T1 o o . o o . . . o o . . o . .
Type Tlce o . o o . . e} o o ° . o . . . Avg.
T2 . o o o . o o . . o o ° . . .
HeMIS 1576 2647 8.68 1.12 4152 3496 1565 23.69 26.04 40.02 4082 24.03 4625 41.10 44.30 | 28.69
U-HEVD 39.93 5421 47.12 3497 6332 6244 49.10 51.77 46.12 66.85 69.19 51.66 69.06 67.13 70.42 | 56.22
RFNet 5649 7194 5526 5193 7442 7459 60.02 59.88 6031 7591 7690 6192 7690 7559 77.52 | 67.30
mmFormer 57.57 7200 5528 5276 75777 75.10 6145 62.66 6280 76.61 78.14 6435 78.07 77.59 79.30 | 68.63
ET M3AE 6344 7361 6144 60.03 7832 7688 64.86 6543 66.74 77.87 8041 6724 8042 7870 80.86 | 71.75
M?2FTrans 5697 7348 58.11 5570 76.89 76.80 62.07 62.03 62.15 77.78 79.09 6439 7887 7799 79.45 | 69.45
IM-Fuse 60.71 74.14 59.02 55.12 77.16 7697 6475 6424 6517 78.61 80.14 67.72 80.35 77.89 80.44 | 70.83
M2SegMamba 59.61 74.67 60.13 5743 78.11 7727 6440 6427 6554 7890 8045 6698 79.50 79.03 81.20 | 71.17
Ours 64.75 77.56 65.12 63.15 80.75 79.87 69.30 6947 69.73 81.11 81.90 71.55 83.04 81.19 83.17 | 74.78
HeMIS 16.08 2647 8.62 2.15 4152 3496 1559 24.06 2638 40.02 41.51 2471 4657 41.10 4498 | 28.98
U-HEVD 39.93 5421 47.12 3497 6324 6244 4981 51.74 46.06 6722 6993 5231 69.06 67.12 70.79 | 56.40
RFNet 5723 73.53 57.04 5370 75.06 7625 6137 60.60 61.18 77.14 7859 63.73 77.67 76.20 78.75 | 68.54
mmFormer 58.54 7329 56.63 53.53 7749 7655 6192 6325 6257 77.17 7892 6542 79.18 78.64 80.24 | 69.56
ET* M3AE 63.55 7398 6192 60.08 79.04 7753 6491 6546 66.89 7830 80.81 67.34 81.03 79.82 82.12 | 72.19
M?FTrans 58.47 75.19 5851 5733 7823 7771 6351 63.16 63.76 79.48 80.83 6597 8036 79.31 8125 | 70.87
IM-Fuse 61.36 76.02 61.01 5587 7799 7833 6459 6487 6506 79.28 8043 67.08 80.01 7894 80.77 | 71.44
MzsegMamba 60.66 75.19 60.81 5850 7851 77.79 6504 6453 6559 79.24 80.56 67.66 8032 79.44 81.33 | 71.68
Ours 66.00 78.57 66.04 6440 80.99 80.34 69.58 69.43 69.73 81.75 8241 70.89 8230 81.58 82.81 | 75.12

Table 9. Performance comparison of ET region segmentation (DSC %) on BraTS 2024. Available and missing modalities are
denoted by e and o, respectively. ET represents the enhancing tumor region without post-processing, while ET™ indicates results

after applying post-processing. =, , and

indicate the first-, second-, and third-best performance, respectively. WT, TC, and ET

represent whole tumor, tumor core, and enhancing tumor, respectively.

global context. However, larger crops degrade perfor-
mance on smaller, more intricate substructures such as
TC and ET. Specifically, TC and ET peak at a crop size
of 96, while larger crops reduce accuracy.

Effect of Patch Size. Patch size governs the Uni-
Encoder’s ability to model fine structures. Reducing the
patch size significantly increases the sequence length,
enabling the Uni-Encoder to model finer structures, but
simultaneously leads to rapidly rising computational
complexity. We conduct ablations on patch size at 8§,

12, and 16. Tab. 14 reports the results.

A patch size of 8 achieves the best overall perfor-
mance, indicating that finer tokenization better captures
the fine-grained structure of the brain tumor. Increas-
ing the patch size to 12 or 16 degrades accuracy across
all regions, as larger patches lose critical spatial detail.
Therefore, we select the smallest patch size feasible un-
der our current memory budget. If the patch size were
reduced to 4, the token sequence length would approach
14k tokens, significantly increasing computational over-
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HeMIS 81.36 7592 7324 71.03 7254 69.19 63.02 6525 68.50 6500 5692 53.89 59.12 59.66 49.03 | 65.58

U-HEVD 4840 39.78 5247 4274 28.02 3452 2285 27.84 2730 2511 1690 17.82 1842 19.56 13.73 | 29.03

RFNet 31.14 2721 2427 2279 2329 2282 1466 2127 2020 1823 1500 16.58 1851 21.90 16.72 | 20.97

mmFormer 19.61 2891 20.74 21.05 1839 1845 1275 1680 1236 11.62 1278 11.75 13.85 2046 16.20 | 17.05

WT M3AE 8.62 12.09 1234 8382 750 11.07 6.50 7.85 6.27 5.64 5.85 6.55 5.75 7.27 6.21 7.89

MZ2FTrans 14.08 1469 1820 11.74 1049 12.81 8.30 9.77 8.84 9.55 10.14 827 10.05 1036 10.18 | 11.16

LS3M 13.46 13.10 1339 1196 990 1144 7.79 9.61 8.31 9.51 7.23 7.65 9.50  9.19 8.47 | 10.03

IM-Fuse 21.11 1363 1430 9.64 1036 1220 822 1203 1134 6.53 7.48 9.40 8.77 9.97 8.90 | 10.93

MzsegMamba 13.25 1233 13.59 7.63 8.93 9.53 5.90 8.21 6.89 6.40 6.04 6.14 6.76 8.79 6.36 8.45

Ours 740 957 928 575 626 828 5.30 6.14 537 483 5.34 5.15 4.87 5.88 513 6.30

HeMIS 98.31 89.32 86.38 88.90 87.78 82.19 7890 81.77 85.02 81.12 7033 71.74 7480 76.24 59.74 | 80.84

U-HEVD 7226 5741 6895 6295 4852 5211 36.71 37.04 42,19 45.15 2882 2635 3546 26.82 20.87 | 44.11

RFNet 56.41 4673 4331 39.22 4636 4276 2439 4211 3892 3191 28.13 3206 3698 4590 35.02 | 39.35

mmFormer 3548 44.03 31.20 50.53 38.67 29.58 29.93 3729 29.81 22.04 2641 29.75 31.16 4128 34.37 | 34.10

TC M3AE 10.63 6.38 11.13 10.08 5.66 5.76 9.39 9.94 955 498 4.85 9.39 5.48 552 525 7.60

M?FTrans 23.65 22.66 32.15 3146 17.75 24.18 27.10 2449 2129 25.61 2736 2695 2537 2346 2840 | 2546

LS3M 25.00 1259 1633 20.65 19.38 1327 12.10 18.08 15.61 17.61 1242 12.10 20.66 19.44 17.51 | 16.85

IM-Fuse 49.18 17.18 1930 21.37 20.78 1273 1642 29.53 29.66 1284 13.07 2270 1992 18.67 17.67 | 21.40

MzsegMamba 3194 11.06 2643 1671 2044 10.74 11.89 1870 17.29 1344 10.82 12.32 1593 1642 1091 | 16.34

Ours 13.06 896 10.18 1385 529 5.51 8.97 9.88 994 499 5.35 704 448 565 4.36 7.83

HeMIS 98.93 89.82 86.73 89.58 89.28 8250 79.26 82.64 85.13 81.07 68.63 70.17 74.03 77.09 57.81 | 80.84

U-HEVD 66.63 51.51 66.72 56.39 3935 4472 3040 30.17 3530 36.84 2295 2039 27.13 20.17 15.16 | 37.59

RFNet 45.19 3743 31.76 30.66 38.64 33.09 17.13 3042 3033 2430 2099 2242 2881 37.50 27.79 | 3043

mmFormer 2645 36.05 20.69 40.66 29.88 22.64 20.53 2498 2131 17.35 19.05 20.80 23.82 31.99 2751 | 2558

ET M3AE 9.31 472 1027 895 441 4.46 8.58 8.83 8.40 3.80 3.67 8.34 3.98 4.35 3.77 6.39

M?2FTrans 16.26 1733 21.89 26.26 1441 19.03 1938 14.89 1443 2033 2138 17.04 20.73 1744 21.74 | 18.84

LS3M 1744 883 1142 1537 1624 1030 876 11.01 1198 1349 8.68 875 15.68 14.08 12.10 | 12.28

IM-Fuse 39.33 1381 1330 17.38 1690 1043 12.19 2197 2377 10.74 1024 17.11 1548 1531 14.76 | 16.85

MQSegMamba 26.63 846 1973 1427 1627 840 10.58 1536 1490 11.17 920 11.78 1293 13.08 9.53 | 13.49

Ours 934 602 7.86 1056 424 438 740 757 721 3.51 3.52 6.17 3.73 453 3.58 5.97

Table 10. Performance comparison (HD95 mm) on BraTsS 2023. Lower is better. Available and missing modalities are denoted

by e and o, respectively. =, , and

indicate the first-, second-, and third-best performance, respectively. WT, TC, and ET

represent whole tumor, tumor core, and enhancing tumor, respectively.

Setti | Configuration | Params (M) | FLOPs (GMacs) | Memory (GiB) | Average Region DSC (%) | Overall (%)
Setting
| CropSize PatchSize Heads L  dempea | Trams  CNN Total | Trans CNN Total | Trans CNN  Other Total | WT TC ET | Mean
96 8 12 12 864 111.01 11.19 122.20 252.30 208.28 460.61 1.57 243 0.29 4.29 89.50  80.77 69.72 80.00
Scale 96 8 12 16 864 146.92 11.19 158.11 335.37 208.28 543.69 2.08 243 0.29 4.80 90.38  84.51 75.59 83.49
96 8 16 24 1056 325.75 11.85  337.61 714.21 209.42 923.68 4.01 244 0.29 6.74 90.50  84.09 75.08 83.22
80 8 12 16 864 146.29 11.19 157.48 174.06 120.53 294.61 1.43 1.43 0.17 3.03 90.17 84.22 74.54 82.97
Crop Size 96 8 12 16 864 146.92 11.19 158.11 33537 208.28 543.69 2.08 243 0.29 4.80 90.38  84.51 75.59 83.49
128 8 12 16 864 148.97 11.19 160.16 1064.20 493.70 1557.99 4.18 571 0.69 10.58 90.87 84.25 74.64 83.25
96 8 12 16 864 146.92 11.19 158.11 335.37 208.28 543.69 2.08 243 0.29 4.80 90.38 84.51 75.59 83.49
Patch Size 96 12 12 16 864 150.07 11.19 161.27 84.59 204.11 288.74 1.02 243 0.29 3.74 89.99 83.89 74.33 82.74
96 16 12 16 864 158.00 11.19 169.19 36.01 203.09 239.14 0.78 243 0.29 3.50 89.71 83.21 73.74 82.22
Table 11. Model complexity with different configurations. , , and indicate the first, second, and third best results,

respectively. Params refers to the total number of parameters, measured in millions (M). FLOPs indicates floating-point operations,
measured in giga multiply-accumulate operations (GMacs). Memory usage, measured in gigabytes (GiB), represents the estimated
memory consumed by model parameters, buffers, and activations during a single forward pass. Average Region DSC and Overall
DSC are reported based on evaluations on the BraTS 2023 dataset.

head. Since changing crop size and patch size substan-
tially increases GPU memory usage and computation,
we provide a detailed complexity analysis below.

E. Model Complexity

As UniME models cross-modal information from high-
resolution inputs with a single ViT encoder, one might
expect longer sequences and the attendant O(n?) mem-
ory cost. In practice, the token sequence length remains
modest. The Uni-Encoder tokenizes the channel-stacked
volume into a sequence whose length is determined by

the crop and patch sizes. For patch size 8, crop size
96, and 4 register tokens, the sequence length is 1732.
By contrast, prior designs [38, 67, 68] process features
from four modality-specific CNNs concatenated after
4x downsampling, yielding 8 x 8 x 8 grids per modal-
ity; the fused sequence length is 2048. Consequently,
UniME’s effective input sequence length is comparable
to existing approaches.

Tab. 15 compares UniME’s efficiency against some
existing methods [16, 38, 67, 68]. We reproduce the re-
ported hyperparameters and training settings from the
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HeMIS 63.79 66.71 63.09 5590 6331 6399 57.63 6044 56.19 59.15 53.67 5197 52.88 5826 49.79 | 5845
U-HEVD 71.87 7124 4793 46.59 6043 50.65 3342 4479 4175 47.63 39.89 3148 41.51 4479 3542 | 47.29
RFNet 26.03 23.50 21.29 2230 26.05 20.82 16.19 2127 17.19 1741 1653 17.84 1876 21.76 19.13 | 20.41
mmFormer 1443 17.47 12,12 12.86 1421 1284 955 1049 1134 12.87 11.28 951 1279 11.29 11.40 | 12.30
WT M3AE 10.78 13.18 13.24 8.83 10.00 12.03 9.12 1034 8.39 7.95 8.35 8.23 7.51 9.73 8.26 9.73
MZ2FTrans 17.12 1441 1275 11.87 1142 12.62 1048 11.02 1147 993 9.64 9.83 9.87 10.67 959 | 11.51
LS3M 1291 16.19 1340 11.68 13.01 12.66 9.69 10.68 957 1034 892 9.18 9.71 11.30 938 | 11.24
IM-Fuse 1595 1485 12.68 11.13 11.07 1199 871 10.01 8.60 8.47 8.69 8.29 7.68 10.02 8.64 | 1045
MzsegMamba 11.62 13.03 1250 10.52 925 11.02 868 10.62 9.18 8.79 8.29 9.21 8.51 8.97 7.66 9.86
Ours 8.04 953 947 7.66 751 890 573 7.08 5.82 6.43 6.12 5.27 5.07 7.71 5.29 7.04
HeMIS 79.77 87.53 8583 7890 79.94 86.65 81.50 76.02 7132 7852 7479 70.11 66.15 7727 6536 | 77.31
U-HEVD 97.01 9931 78.18 77.27 86.67 80.35 57.57 7033 6932 7448 6460 5494 66.59 71.10 59.78 | 73.83
RFNet 5527 36.69 29.48 39.12 5036 30.15 30.32 3922 37.16 32.01 29.33 34.15 38.03 39.28 36.49 | 37.14
mmFormer 21.84 1920 14.66 22.61 23.16 1549 15.03 13.79 19.25 19.07 1691 16.02 2251 1736 19.41 | 18.42
TC M>AE 1275 927 1418 14.19 6.90 9.34 13.63 1240 1222 17.96 6.79 1170 7.04 6.70 6.49 | 10.11
M?FTrans 2575 1433 1480 22.10 1223 13.50 17.60 14.07 18.63 12.10 11.06 15.11 11.52 9.68 10.75 | 14.88
LS3M 1685 19.64 18.12 19.56 16.71 14.60 1556 14.59 13.10 1251 10.72 1298 1098 13.58 11.65 | 14.74
IM-Fuse 3349 1947 1826 2281 1523 1241 1463 17.08 1459 9.39 899 1327 1034 1234 873 15.40
MzsegMamba 16.80 12.89 1424 17.89 10.07 9.1 13.58 13.12 13.60 9.68 9.54 1335 998 8.39 9.00 | 12.08
Ours 12,53 1501 1446 18.13 8.15 941 1190 11.71 11.99 9.95 7.04 10.70 6.57 7.70  6.54 | 10.79
HeMIS 80.05 87.34 8575 77.74 79.23 86.29 81.95 7556 70.77 7776 7331 69.64 6481 76.60 63.78 | 76.70
U-HEVD 96.37 9856 7726 76.82 84.14 79.10 53.57 6830 68.65 7129 61.53 52.10 63.89 6843 56.61 | 71.78
RFNet 49.65 32.06 25.88 36.18 4581 2592 26.04 3495 32,60 2811 2523 30.17 3283 3574 31.77 | 32.86
mmFormer 18.30 1650 12.20 1693 1997 12.54 1252 1190 1627 1576 1352 1344 19.67 14.11 16.28 | 1533
ET M3AE 11.66 839 13.19 1290 6.97 822 1327 11.74 1136 7.66 642 1126 6.74 674 595 9.50
M?2FTrans 1754  9.82 1287 1470 9.16 10.69 11.19 10.78 12.70 7.74 7.48 9.95 797 7.76 7.26 | 10.51
LS3M 14.09 1463 1552 17.13 13.08 1036 1299 1292 11.62 10.13 880 11.82 889 11.14 9.85 | 12.20
IM-Fuse 2745 1520 14.13 19.07 1234 1020 13.60 14.01 1255 7.40 732 1158 872 1061 742 | 1277
MQSegMamba 1342 1055 1326 1572 8.19 8.09 12,66 11.63 1236 17.53 8.00 11.87 17.92 690 7.04 | 1034
Ours 10.73 1220 11.24 13.77 6.34 7.25 10.04 10.67 10.60 8.36 5.74 984 546 6.05 5.83 8.94

Table 12. Performance comparison (HD95 mm) on BraTS 2024. Lower is better. Available and missing modalities are denoted

by e and o, respectively. =, , and

indicate the first-, second-, and third-best performance, respectively. WT, TC, and ET

represent whole tumor, tumor core, and enhancing tumor, respectively.

Average Region DSC (%) \ Overall

Crop Size
WT TC ET | Mean
80 90.17 8422 7454 82.97
96 9038 8451  175.59 83.49
128 90.87 8425  74.64 83.25
Table 13. Ablation on the crop size. © |, , and indicate
the first, second, and third best results, respectively.
Patch Size | Average Region DSC (%) | Overall
| WT TC ET | Mean
8 90.38 8451  75.59 83.49
12 89.99 83.89 7433 82.74
16 89.71 8321 7374 82.22
Table 14. Ablation on the patch size. =, ,and indicate

the first, second, and third best results, respectively.

released code. All experiments were conducted on a
single NVIDIA RTX Pro 6000 GPU with 96 GiB of
memory. To clearly quantify differences in training ef-
ficiency, we report the time required to complete 250
iterations using their recommended batch size and crop
size.

Despite its larger parameter count, UniME attains the
highest throughput. This significant efficiency gain is

primarily due to algorithmic optimizations, including
the use of FlashAttention [11], mixed-precision train-
ing, and PyTorch graph compilation. These optimiza-
tions mitigate the computational overhead introduced by
the Transformer layers, ensuring that increased model
complexity does not compromise practical training ef-
ficiency. Moreover, UniME exhibits affordable GPU
memory consumption during training (23.80 GiB), un-
derscoring efficient use of computational resources.

F. Limitations

Although UniME attains state-of-the-art results on
BraTS 2023 and BraTS 2024, several limitations remain.
Two-stage Objective Difference. Stage 1 uses pixel-
wise reconstruction loss, whereas Stage 2 optimizes se-
mantic segmentation. This difference may induce a
suboptimal inductive bias. Although we mitigate this
via (i) using a lightweight decoder in Stage 1 to steer
the Uni-Encoder toward semantic features, and (ii) re-
introducing a CNN decoder in Stage 2 to emphasize se-
mantic expression, the objective gap may still limit fur-
ther gains. Future work will explore better representa-
tion learning strategies for medical image scenarios, in-
cluding missing-modality cases.



| Configuration | Complexity | Average Region DSC (%) | Overall
Methods

‘ Batch Size  Crop  Optimizer ‘ Params (M)  Memory (GiB)  Elapsed Time (s)  Throughput (samples/s) ‘ WT TC ET ‘ Mean
RFNet 2 80 Adam 8.99 19.08 88.36 5.66 87.60 7920 6689 | 77.90
mmFormer 4 128 Adam 36.65 57.64 293.80 3.40 87.48 7849  66.11 71.36
IM-Fuse 2 128 RAdam 64.39 56.37 354.19 141 88.74 80.59  70.67 | 80.00
M2SegMamba 1 128 Adam 70.48 5172 234.12 1.07 8899 8211 7173 | 8094
Ours 4 96 AdamW 158.11 23.80 79.52 12.58 90.38 8451 7559 | 83.49

Table 15. Efficiency comparison across methods. , ,and indicate the first-, second-, and third-best performance, respec-

tively. Params refers to the total number of parameters, measured in millions (M). Memory usage, measured in gigabytes (GiB),
represents the peak GPU memory consumed during training. Elapsed Time indicates the time for 250 iterations during training,
measured in seconds (s). Throughput measures the number of samples processed per second. Average Region DSC and Overall
DSC are reported based on evaluations on the BraTS 2023 dataset.

Dataset Limitations. We currently evaluate only on
BraTS 2023 and BraTS 2024 datasets. Ideally, gener-
alization should be validated on more datasets. How-
ever, suitable alternatives are limited. More specifically,
many multimodal datasets exhibit challenges such as un-
aligned modalities in ISLES [26], incomplete modality
coverage in CHAOS [29] and AMOS [28], and predomi-
nantly single-modality data in MSD [2] (with brain cases
originating from BraTS).

In alignment with previous research [16, 17, 24, 36,
38, 45, 67-69], we have thus adopted the BraTS series
as our primary evaluation benchmark. Although we rec-
ognize the importance of diverse datasets for compre-
hensive validation, our current assessments leverage the
most suitable and widely accepted resources available.
Future research efforts will seek additional datasets tai-
lored to our specific task requirements and further inves-
tigate two-stage heterogeneous architectures in broader
vision tasks.



