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Model Backbone Params NYUDepthv2 SUN-RGBD

Input size Flops mloU Input size Flops mloU
TokenFusionga [54] MiT-B2 26.0M 480 x 640 55.2G 53.3 530 x 730 71.1G 50.3
Omnivoregs [16] Swin-Tiny 29.1M 480 x 640 327G 49.7 530 x 730 — —
DFormera4 [59] DFormer-Tiny 6.0M 480 x 640 11.7G 51.8 530 x 730 15.0G 48.8
DFormera4 [59] DFormer-Small 18.7M 480 x 640 25.6G 53.6 530 x 730 33.0G 50.0
DFormera4 [59] DFormer-Base 29.5M 480 x 640 41.9G 55.6 530 x 730 54.0G 51.2
AsymFormerag4 [11] MiT-BO+ConvNeXt-Tiny 33.0M 480 x 640 39.4G 55.3 530 x 730 52.6G 49.1
% DFormerv2-S DFormerv2-Small 26.7M 480 x 640 33.9G 56.0 530 x 730 43.7G 51.5
SGNetgq [4] ResNet-101 64.7M 480 x 640 108.5G 51.1 530 x 730 151.5G 48.6
ShapeConva; [3] ResNext-101 86.8M 480 x 640 124.6G 51.3 530 x 730 161.8G 48.6
FRNetas [68] ResNet-34 85.5M 480 x 640 115.6G 53.6 530 x 730 150.0G 51.8
EMSANetoo [40] ResNet-34 46.9M 480 x 640 454G 51.0 530 x 730 58.6G 48.4
TokenFusiongo [54] MiT-B3 45.9M 480 x 640 94.4G 54.2 530 x 730 122.1G 51.4
Omnivoreaa [16] Swin-Small 51.3M 480 x 640 59.8G 52.7 530 x 730 — —
CMXa2 [61] MiT-B2 66.6M 480 x 640 67.6G 54.4 530 x 730 86.3G 49.7
DFormera4 [59] DFormer-Large 39.0M 480 x 640 65.7G 57.2 530 x 730 84.5G 52.5
GeminiFusiongy [28] MiT-B3 75.8M 480 x 640 138.2G 56.8 530 x 730 179.0G 52.7
% DFormerv2-B DFormerv2-Base 53.9M 480 x 640 67.2G 57.7 530 x 730 86.9G 52.8
SA-Gateag [5] ResNet-101 110.9M 480 x 640 193.7G 52.4 530 x 730 250.1G 49.4
CENgg [53] ResNet-101 118.2M 480 x 640 618.7G 51.7 530 x 730 790.3G 50.2
CENgg [53] ResNet-152 133.9M 480 x 640 664.4G 52.5 530 x 730 849.7G 51.1
PGDENeto2 [67] ResNet-34 100.7M 480 x 640 178.8G 53.7 530 x 730 229.1G 51.0
MultiMAE22 [1] ViT-Base 95.2M 640 x 640 267.9G 56.0 640 x 640 267.9G 51.1F
Omnivoregg [16] Swin-Base 95.7M 480 x 640 109.3G 54.0 530 x 730 — —
CMX22 [61] MiT-B4 139.9M 480 x 640 134.3G 56.3 530 x 730 173.8G 52.1
CMX22 [61] MiT-B5 181.1M 480 x 640 167.8G 56.9 530 x 730 217.6G 52.4
CMNexta3 [62] MiT-B4 119.6M 480 x 640 131.9G 56.9 530 x 730 170.3G 51.9f
GeminiFusiongy [28] MiT-B5 137.2M 480 x 640 256.1G 57.7 530 x 730 332.4G 53.3
% DFormerv2-L DFormerv2-Large 95.5M 480 x 640 124.1G 58.4 530 x 730 160.5G 53.3

Table 1. Results on NYU Depth V2 [42] and SUN-RGBD [43]. Some methods do not report the results or settings on the SUN-RGBD
datasets, so we reproduce them with the same training configs.  indicates that we follow the results from [59]. All the backbones are
pretrained on ImageNet-1K. We split the models to three sets, i.e., small scale, base scale, and large scale. We can see that our method

receives the best results on both datasets.
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Model Backbone Params  Flops mloU Step Attention Params Flops NYUDepthV2 SUNRGBD
HRFuser [2] HRFormer-T 30.5M  223.0G 519 0 Vanilla Attn 26.5M 51.4G 51.7 47.8
TokenFusion [54] MiT-B2 26.0M 55.0G 60.3 1 +Only Depth Prior 26.5M 514G 54.3 (+2.6) 49.9 (+1.7)
% DFormerv2-S DFormerv2-S  26.7M 28.9G 63.7 2 +Only Spatial Prior 26.5M 51.4G 53.5 (+1.8) 49.1 (+1.3)
Wi e o ey Wi e wseg a0
CMNext [62] MiT-B2 58.7M 62.9G 63.6 P : : . : : .

% DFormerv2-B

CMNext [62]
GeminiFusionog [28]
TokenFusion [54]

DFormerv2-B  53.9M 60.8G 65.2

MiT-B4 116.6M 112.0G  66.3
MiT-B5 137.2M  2184G  66.9
MiT-B5 83.3M 1447G  63.5
v DFormerv2-L DFormerv2-L.  95.5M 114.5G 67.1
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Method Params Flops NYUDepthV2 ~ SUNRGBD
Conv 26.9M 34.3G 55.8 51.3
Addition 26.5M 33.5G 54.6 50.4
Hadamard 26.5M 33.6G 54.9 50.9
Memory 26.7TM 33.9G 56.2 51.7

Table 4. FEF1H/ MBS L (PR R HOBR (R IEBR
R SR

Settings NYUDepthV2 SUNRGBD
fixed to 0.25 for all heads 55.7 51.1
fixed to 0.5 for all heads 55.5 51.0
fixed to 0.75 for all heads 55.7 51.2
linearly sampled in [0.5, 1.0) 55.9 51.5
linearly sampled in [0.75, 1.0) 56.0 51.5

Table 5. JUfAl H{EE 71 H A4S [F] 32 18 5K BS X DFormerv2-S HI 5%
] -

Classification Segmentation

Modality Params

Top-1 Acct wFt MAE |
RGB 26.5M 83.1 0.818 0.054
Depth 26.5M 43.8 0.715 0.061
RGB+Depth 26.7TM 83.4 0.868 0.048

Model Params FLOPs Latency] NYU DepthV2
Omnivore [16] 29.1IM 327G 40.1ms 49.7
DFormer-B [59] 29.5M 419G  42.8ms 55.6
DFormerv2-S 26.7M 339G  43.9ms 56.0
CMX-B2 [61] 66.6M  65.6G  71.5ms 54.4
DFormer-L [59] 39.0M 693G 44.5ms 57.2
GeminiFusion-B3 [28] 75.8M 138.2G  68.2ms 56.8
DFormerv2-B 539M 67.2G  50.7ms 57.7
CMX-B5 [61] 181.1IM 167.8G 114.9ms 56.9
CMNext-B4 [62] 119.6M 131.9G 98.5ms 56.9
MultiMAE [1] 952M 267.9G 76.9ms 56.0
GeminiFusion-B5 [28] 137.2M 256.1G  108.7ms 57.7
DFormerv2-L 95.5M 124.1G  79.9ms 58.4
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