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6. Metric

Given the depth prediction Y and ground truth depth Z, we
use RMSE (cm), MAE (cm), and d; accuracy for evaluation,
which are defined as follows:

1
MAE : — Z-Y
DR

)L 2 (18)
RMSE : nZ(z Y)?,

0; % x 100%, ¢ : max (Z/Y,Y/Z) < 1.05".

Since d5 and J3 of different DSR approaches are very close,
we focus on 97 for comparisons.

7. Implementation Detail

Our DuCos implementation is built in PyTorch and runs on
a single NVIDIA RTX 4090 GPU. The model is trained for
200 epochs using the Adam optimizer [13], with an initial
learning rate of 5 x 102, which is halved at epochs 40,
80, and 120. To enhance performance, we apply data aug-
mentation techniques, including random horizontal flipping
and random 90° rotation. Given that Hypersim [31] has a
high resolution (1024 x 768), whereas the test splits of other
datasets typically have much lower resolutions, we perform
random 256 X 256 cropping when training on Hypersim.
Additionally, DuCos leverages Depth-Anything-v2-Small
as the default foundation model to generate prompts.

8. Complexity Analysis

Tab. 5 gives a detailed complexity comparison on the real-
world RGB-D-D benchmark. Our DuCos achieves the low-
est error, highlighting its superior performance. However,
this comes at the expense of significant computational com-
plexity due to the large size of the depth foundation model.
Particularly, the number of trainable parameters in DuCos
remains manageable at approximately 9.6 M. The primary
contributor to this complexity is the large depth foundation
model. Therefore, future research could explore efficient
model distillation techniques to compress these large mod-
els into more lightweight counterparts while maintaining
their effectiveness in prompt-based applications.

9. Scale-cross Validation

Tab. 6 presents a cross-scale performance comparison of
various DSR approaches. Specifically, we evaluate mod-
els trained for x4 super-resolution directly on the more
challenging x8 and x16 super-resolution tasks without

‘ Prompt ‘ Params.  Time Speed RMSE

Method

\ | ) (ms) (FPS)  (em)
DCTNet [57] X 0.48 9.15 109.29 5.43
FDKN [12] X 0.69 578 173.01 537
DKN [12] X 1.16 17.75 56.34 5.08
FDSR [5] X 0.60 5.05  198.02 5.49
SUFT [33] X 22.01 13.33  75.19 5.41
SGNet [41] X 8.97 33.94  29.46 532
SFG [55] X 63.55 21.81 4585 3.88
DA v2-S [52] X 24.79 2927  34.16 87.45
DuCos' v 34.38 25.09  39.86 3.68

Table 5. Complexity comparisons on the real-world RGB-D-D
dataset. T indicates that our DuCos employs DA v2-S to produce
the prompts. All methods are measured using a single 4090 GPU.

Method ‘ scale ‘ RGB-D-D Lu

\ |RMSE MAE 4§09 RMSE MAE 45
CUNet [4] 330 1.66 97.07 490 259 93.74
FDKN [12] L | 339 122 9697 494 156 94.03
DKN [12] X | 331 122 9697 486 1.52 9421
FDSR [5] T ] 329 1.19 97.01 4.81 154 94.18
DCTNet[57]] X% | 3.33 120 97.03 492 155 94.14
DuCos 319 117 9711 4.64 146 94.28
CUNet [4] 525 269 9289 779 3.85 87.19
FDKN [12] o | 516 234 9297 756 293 8791
DKN [12] < | 515 232 93.00 7.54 292 87.93
FDSR [5] 1T | 516 233 93.01 755 292 8793
DCTNet [57]| 3 | 5.5 232 9299 7.55 291 88.02
DuCos 513 231 93.03 7.51 2.87 88.08

Table 6. Cross-scale DSR on the synthetic RGB-D-D and Lu.

fine-tuning. Despite this substantial scale discrepancy, our
DuCos method consistently outperforms other approaches,
demonstrating its superior cross-scale generalization capa-
bility. These results underscore the robustness and adapt-
ability of DuCos in handling large-scale variations, making
it a promising solution for real-world scenarios where train-
ing and testing resolutions may differ significantly.

10. Numerical Results of Arbitrary-scale DSR

Tab. 7 provides a comprehensive numerical evaluation of
arbitrary-scale DSR on the synthetic datasets, correspond-
ing to Fig. 5 in the main text. Particularly, our DuCos
consistently achieves the best performance across nearly all
datasets and scales, further demonstrating its robustness and
effectiveness in handling the DSR task.


https://github.com/DepthAnything/Depth-Anything-V2?tab=readme-ov-file
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Figure 9. Visual examples of the fully synthetic Hypersim [31] dataset.

M | | Middlebury Lu NYU v2 RGB-D-D TOFDSR
ethod Scale
‘ ‘ RMSE MAE 01 RMSE MAE 01 RMSE MAE o1 RMSE MAE 01 RMSE MAE 01
CUNet [4] 0.79 046 99.22  0.67 030 9954 1.33 040  99.83 0.77 021 99.82 2.09 0.44  99.07
FDKN [12] 1.21 049 9854 142 034  99.11 1.80 041  99.69 093 022 99.76 132 0.19  99.73
DKN [12] <1.5 1.09 0.54 98.86 1.19 037  99.33 1.46 0.35 99.80 0.80 0.20 99.81 0.85 0.13  99.89
FDSR [5] ' 0.82 040 99.08 0.82 028 9939 139 043  99.83 0.77 021 99.83 1.83 038 99.24
DCTNet [57] 0.89 048 99.12 091 032 9945 132 046 99.85  0.70 022 99.87 053 0.13  99.94
DuCos 0.57 036 99.65 0.36 0.17 99.87 0.76 024 9996 048 0.16 9994 0.26 0.08  99.98
CUNet [4] 120 065 9847 126 050 98.97 207 0.69 99.63 108 032 99.69 234 048 9921
FDKN [12] 1.61 0.68  98.01 1.92 049 98.77 272 0.70  99.44 1.33 034 9956 2.13 033 99.53
DKN [12] %27 1.55 0.68 98.15 1.76 051 98.88 248 0.65 99.51 1.23 031 99.63 1.80 026 99.71
FDSR [5] ' 1.32 0.62 98.19 144 0.44 9888 231 072  99.54 1.15 033 99.66 224 045 9921
DCTNet [57] 1.30 0.62 98.48 1.34 042 99.04 205 0.72  99.64 1.07 032 9971 130 0.27  99.71
DuCos 112 056 9883 1.14 043 98.83 1.98 0.56  99.67 1.07 029 9971 110 0.18  99.84
CUNet [4] 1.39 075 98.15 147 0.60 9875  2.69 091 9942 1.32 043 9954 2385 0.67 98.87
FDKN [12] 1.74 075 97.80 2.07 054 98.62 3.15 0.85 99.32 1.50 040 9946  2.60 042 99.39
DKN [12] %3.4 1.77 077 97.83  2.10 059 98.62 3.01 0.81  99.35 1.44 038 9952 234 0.35  99.55
FDSR [5] ' 1.43 0.70 9790 146 0.50 98.68 273 094 9936  1.30 040 99.58 3.01 0.69 98.64
DCTNet [57] 1.55 0.71  98.01 1.69 053 98.78  2.58 093 9948 1.32 042 9957 192 0.44  99.44
DuCos 1.33 0.62 9852 135 040 99.16 2.37 0.70  99.55 1.19 033 9964 1.69 0.26 99.71
CUNet [4] 1.93 091 9736 1.82 0.68 9833  3.69 125  99.07 1.69 053  99.27  3.60 0.83  98.51
FDKN [12] 2.08 091 97.17 235 0.66 9820 4.07 .23 99.04 1.88 053  99.18 350 0.63  98.96
DKN [12] %53 1.96 0.88 9747 228 0.66 9825 3.62 110 99.20 1.76 0.50 99.29 340 0.60 99.03
FDSR [5] : 192 091 9733 219 069 9818 366 1.3 99.17 175 051 9925 318 0.6l 98.96
DCTNet [57] 2.06 091 97.08 227 0.67 9796 3.72 1.31  99.05 1.90 058 99.11  3.27 072 98.58
DuCos 1.88 081 97.68 2.15 0.56 98.48  3.60 1.17 9920 173 049 9930 342 0.63  99.01
CUNet [4] 3.65 173 9272 4.14 1.47 9479  6.70 272 97.08 2.94 1.09 9793 582 176 96.11
FDKN [12] 3.25 1.50 9428 3.86 125 9536  6.04 236  97.74 285 1.00  98.14  5.66 1.52 96.76
DKN [12] <116 3.20 146 94.60 3.96 1.27 9520 591 229  97.87 2.89 099 98.09 585 151  96.89
FDSR [5] 3.14 143 94.62 372 1.19 9561 6.01 224 9792 285 0.96 98.11 5.82 151  96.81
DCTNet [57] 3.88 1.82 91.86 4.68 1.57 9358 7.14 3.09 9633 3.45 125 9748 595 1.61 9635
DuCos 2.84 1.22 9599  3.66 1.01 96.56  5.99 211 98.13 2.84 090 9825 579 1.29 9749
Table 7. Quantitative comparisons with arbitrary scaling factors on the synthetic DSR benchmark datasets.
11. More Visualizations while Fig. 12 illustrates results for arbitrary-scale DSR.

Additionally, Fig. 10 showcases visual results on the real-
Fig. 9 presents some RGB-D examples from the fully syn- world RGB-D-D and TOFDSR benchmark datasets. These
thetic Hypersim [31] dataset, demonstrating its high-quality visualizations further confirm that our DuCos effectively
and realistic scenes. Fig. 11 shows visual comparisons at enhances depth predictions, yielding more precise shapes,
x2, x4, x8, and x16 scales on the synthetic NYU v2, sharper edges, and improved structural consistency.
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Figure 10. Visual comparisons of different DSR methods with and without noise on the real-world RGB-D-D and TOFDSR datasets.
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Figure 11. Visual comparisons of different DSR methods with X2, x4, x8, and x 16 scaling factors on the synthetic NYU v2 dataset.
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Figure 12. Visual comparisons of different methods with x 1.5, x2.7, x3.4, x5.3, and x11.6 scales on the synthetic RGB-D-D dataset.
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