
A Implementation Details1

A.1 Network architectures2
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Figure A.1: Illustration of the convolutional neck and head module architectures.

The detailed architectures of our model components are described as follows.3

DINOv2 Image Encoder. Our model supports variable input resolutions by leveraging the in-4

terpolatable positional embeddings of DINOv2 [18]. The native resolution is determined by a5

user-specified number of image tokens. Given an input image of arbitrary size and a target number6

of tokens, we compute a patch-level resolution h × w that best matches the desired token count.7

The image is then resized to (14h, 14w) to match DINOv2’s input requirement, and encoded into8

h× w image tokens along with one classification token. We extract four intermediate feature layers9

from DINOv2—specifically, the 6th, 12th, 18th, and final transformer layers—project them to a10

common dimension, reshape their spatial size to (h,w), and sum them to form the input for the dense11

prediction decoder.12

Convolutional Neck and Heads. Inspired by prior multi-task dense prediction architectures [22,13

13, 29], we design a lightweight decoder consisting of a shared convolutional neck and multiple14

task-specific heads, as illustrated in Fig A.1. Both the neck and the heads are composed of progressive15

residual convolution blocks (ResBlocks) [10] interleaved with transpose convolution layers (kernel16

size 2, stride 2) for progressive upsampling from resolution (h,w) to (16h, 16w). Finally, the output17

map is resized through bilinear interpolation to match the raw image size. To reduce inference latency18

on modern GPUs, all normalization layers are simply removed from the ResBlocks, without affecting19

performance or training stability.20

At each scale level of the neck, we inject a UV positional encoding, defined as a mapping of the21

image’s rectangular domain into a unit circle, preserving the raw aspect ratio information. The22

resulting intermediate feature pyramid is shared across all heads, each of which independently23

decodes its respective output map. This design enables multi-scale feature sharing while maintaining24

head-specific decoding tailored to each prediction task.25

CLS-token-conditioned MLP Head. For scalar prediction, we use a two-layer MLP that takes26

the CLS token feature from DINOv2 as input and outputs a single scale factor, followed by an27

exponential mapping to ensure a positive scale output. The hidden layer size is equal to the input28

feature dimension.29

A.2 Training Data30

The datasets used for training our model are listed in Tab. A.1. All datasets are publicly available for31

academic use, and their sampling weights follow the protocol established in MoGe [29].32

Tab. A.2 provides a rough summary of the number of training frames used by several representative33

monocular geometry estimation methods. As there is no shared or standardized training set in this34
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field, this table serves to contextualize the scale of training data across methods. Notably, model35

performance does not necessarily correlate with the amount of training data used.36

Table A.1: List of datasets used to train our model.
Name Domain #Frames Type Weight Metric Scale

A2D2[8] Outdoor/Driving 196K LiDAR 0.8% ✓
Argoverse2[31] Outdoor/Driving 1.1M LiDAR 7.1% ✓
ARKitScenes[2] Indoor 449K SfM 8.3% ✓
BlendedMVS[35] In-the-wild 115K SfM 11.5%
MegaDepth[16] Outdoor/In-the-wild 92K SfM 5.4%
ScanNet++[5] Indoor 176K SfM 4.6% ✓
Taskonomy[37] Indoor 3.6M SfM 14.1% ✓
Waymo[25] Outdoor/Driving 788K LiDAR 6.2% ✓
ApolloSynthetic[1] Outdoor/Driving 194K Synthetic 3.8% ✓
EDEN[36] Outdoor/Garden 369K Synthetic 1.2%
GTA-SfM[27] Outdoor/In-the-wild 19K Synthetic 2.7% ✓
Hypersim[23] Indoor 75K Synthetic 4.8% ✓
IRS[28] Indoor 101K Synthetic 5.4% ✓
KenBurns[17] In-the-wild 76K Synthetic 1.5 %
MatrixCity[15] Outdoor/Driving 390K Synthetic 1.3% ✓
MidAir[7] Outdoor/In-the-wild 423K Synthetic 3.8% ✓
MVS-Synth[12] Outdoor/Driving 12K Synthetic 1.2% ✓
Structured3D[38] Indoor 77K Synthetic 4.6% ✓
Synthia[24] Outdoor/Driving 96K Synthetic 1.1% ✓
Synscapes[32] Outdoor/Driving 25K Synthetic 1.9% ✓
UnrealStereo4K [26] In-the-wild 8K Synthetic 1.6 ✓
TartanAir[30] In-the-wild 306K Synthetic 4.8% ✓
UrbanSyn[9] Outdoor/Driving 7K Synthetic 2.0% ✓
ObjaverseV1[6] Object 167K Synthetic 4.6%

Table A.2: Summary of labeled training frame counts and pretrained backbones for the models
compared in this paper.

Method #Total Training Frames Pretrained Backbone

ZoeDepth [3] ∼ 2M MiDaS BEiT384-L [21]
DA V1 [33] 1.5M (+ 62M pseudo-labeled) DINOv2 ViT-Large
DA V2 [34] 595K (+ 62M pseudo-labeled) DINOv2 ViT-Large
Metric3D V2 [11] 16M DINOv2 ViT-Large
UniDepth V1 [19] 3.7M DINOv2 ViT-Large
UniDepth V2 [20] 16M DINOv2 ViT-Large
Depth Pro [4] ∼ 6M DINOv2 ViT-Large
MoGe [29] 9M DINOv2 ViT-Large
Ours 8.9M DINOv2 ViT-Large

A.3 Evaluation Protocol37

Relative Geometry We follow the evaluation protocol of alignment in MoGe [29]. Predictions and38

ground truth are aligned in scale (and shift, if applicable) for each image before measuring errors as39

specified below40

• Scale-invariant point map. The scale a∗ to align prediction with ground truth is computed41

as:42

a∗ = argmin
a

∑
i∈M

1

zi
∥ap̂i − pi∥1, (1)

• Affine-invariant point map. The scale a∗ and shift b∗ are computed as:43

(a∗,b∗) = argmin
a,b

∑
i∈M

1

zi
∥ap̂i + b− pi∥1. (2)

• Scale-invariant depth map, the scale a∗ is computed as44

a∗ = argmin
s

∑
i∈M

1

zi
|aẑi − zi|. (3)
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• Affine-invariant depth map. The scale a∗ and shift b∗ are computed as45

(a∗, b∗) = argmin
s

∑
i∈M

1

zi
|aẑi + b− zi|. (4)

• Affine-invariant disparity map. We follow the established protocol for affine disparity46

alignment [21], using least-squares to align predictions in disparity space:47

(a∗, b∗) = argmin
s

∑
i∈M

(ad̂i + b− di)
2, (5)

where d̂i is the predicted disparity and di is the ground truth, defined as di = 1/zi. To48

prevent aligned disparities from taking excessively small or negative values, the aligned49

disparity is truncated by the inverted maximum depth 1/zmax before inversion. The final50

aligned depth ẑ∗i is computed as:51

ẑ∗i :=
1

max(a∗d̂i + b∗, 1/zmax)
. (6)

Metric Geometry52

• Metric depth. The output is evaluated without alignment and clamping range of values for53

all methods, unless specific post-processing is hard-coded in its model inference pipeline.54

• Metric point map. The point map prediction is aligned with the ground truth by the optimal55

translation:56

b∗ = argmin
b

∑
i∈M

1

zi
∥p̂i + b− pi∥1. (7)

B Additional Experiments and Results57

B.1 Test-time Resolution Scaling58

In ViT-based models, the native input resolution is determined by the number of image tokens derived59

from fixed-size patches, specifically, 142 for DINOv2 models. As such, resolution scaling can be60

effectively studied through varying token counts. Our model is trained across a wide range of token61

counts from 1200 to 3600, corresponding to native input resolutions ranging approximately from62

4842 to 11882. This training setup enables robust generalization to a broad range of resolutions and63

flexible usage with details as follows.64

Geometry Accuracy MoGe [29] and UniDepth V2 [19] are both trained on diverse input resolutions65

and aspect ratios, which helps them maintain accuracy under resolution shifts within a moderate66

range (1200 - 3000). In contrast, models such as Depth Anything [33, 34] and Metric3D V2 [11] are67

trained with fixed input resolution and exhibit substantial performance degradation when evaluated at68

resolutions that diverge from their training setting. Our method, trained over a broader resolution69

spectrum, remains robust under test-time scaling. As shown in Fig. B.3a, it maintains the top accuracy70

when scaled up for improved detail or down for faster inference—even beyond the training range.71

Boundary Sharpness Higher input resolutions and more image tokens generally lead to sharper72

boundaries in dense prediction tasks, as observed in prior works [34, 22, 14] and also shown in73

Fig. B.2. In Fig. B.3b, we evaluate several DINOv2-based methods for boundary sharpness at74

different test-time resolutions. Note that Depth Pro operates at a fixed high resolution due to its75

specialized multi-scale, patch-based architecture. Our approach consistently delivers the sharpest76

predictions at each resolution and outperforms Depth Pro using significantly fewer tokens to reach77

similar levels of detail.78

Latency Trade-off As shown in Fig. B.3c, inference latency scales roughly linearly with the79

number of tokens. Although all compared methods share the same ViT backbone, overall runtime80

can vary due to differences in decoder complexity and architectural choices. Our model adopts81

a lightweight design that enables fast inference while maintaining strong accuracy, achieving a82

favorable trade-off between latency and performance across a wide range of resolutions—within a83

single unified framework.84
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1200 tokens (29ms) 3600 tokens (55ms) 7200 tokens (108ms)RGB Image

Figure B.2: Increasing the number of image tokens to trade-off latency for visual sharpness.
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Figure B.3: Performance comparison under test-time resolution scaling. ★ denotes the default
configuration for each method. (a) Percentile rank ( x−worst

best−worst ) averaged across all evaluated datasets
and two geometry metrics (metric and relative geometry accuracy). (b) Average percentile rank for
boundary sharpness. Both are evaluated on a 1/10 subset uniformly sampled from the evaluation
benchmarks. (c) Inference latency measured on an NVIDIA A100 GPU with FP16 precision. Our
method demonstrates the most favorable balance between latency and performance across different
resolutions.

B.2 Runtime Analysis85

As shown in Table B.3, we evaluate the runtime performance of each method under their represen-86

tative test-time configurations. Specifically, we measure single-frame inference latency and peak87

GPU memory usage on an NVIDIA A100 GPU. These metrics provide a practical comparison of88

computational efficiency and resource requirements across different architectures.89

Table B.3: Runtime statistics measured on a single NVIDIA A100 GPU for single-frame inference.

Method #Parameters #Tokens Native
Resolution

Latency (ms) Memory (GB)

FP16 FP32 FP16 FP32

DA V2 335M 1369 5182 24 86 0.91 1.8

Metric3D V2 412M 3344 1064×616 87 255 1.4 2.3

UniDepth 354M 1020 4482 33 84 1.1 1.8
3061 7742 50 206 1.8 2.5

Depth Pro 504M 20160 15362 139 906 8.0 3.7

MoGe 314M 1200 4842 40 93 0.74 1.4
2500 7002 70 192 0.88 1.6

Ours 326M

1200 4842 29 82 0.96 1.7
2500 7002 39 157 1.1 2.1
3600 8402 55 238 1.3 2.5
7200 11882 108 565 1.9 3.8

B.3 More Visual Results90

More visual results for qualitative comparison are included in Fig. B.4 and Fig. B.5.91
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B.4 Complete Evaluation on Individual Datasets92

In the paper, we only listed the average performance across multiple datasets for qualitative compari-93

son and ablation study. Table B.4 and Table B.5 list all the results for each individual datasets.94

3.08m N.A. 3.36m 3.14m

1.69m6.10mN.A.5.49m

0.89m1.28m 1.42mN.A.

Depth ProUniDepth V2Ours MoGeRGB Image

Figure B.4: More visual results on open-domain images (1/2). Best viewed zoomed in.
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Depth ProUniDepth V2Ours MoGeRGB Image

15.4cm 16.5cm 16.8cmN.A.

Figure B.5: More visual results on open-domain images (2/2). Best viewed zoomed in.
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Method NYUv2 KITTI ETH3D iBims-1 GSO Sintel DDAD DIODE Spring HAMMER Avg.
Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Re↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rank↓

Metric point map
MASt3R 7.11 95.6 26.0 45.8 27.4 43.1 10.1 89.3 - - - - 35.4 28.7 21.7 66.3 - - 56.0 18.3 26.2 55.3 4.93
UniDepth V1 4.80 98.3 4.52 98.5 22.4 63.1 10.8 92.8 - - - - 11.4 89.5 12.8 88.9 - - 18.0 79.5 12.1 87.2 2.71
UniDepth V2 4.83 98.0 5.88 97.5 9.46 95.0 5.23 97.9 - - - - 13.3 90.3 17.0 80.8 - - 15.0 83.9 10.1 91.9 2.43
Depth Pro 6.13 97.3 11.1 85.3 21.2 64.9 6.89 96.9 - - - - 22.6 61.3 13.5 81.8 - - 14.5 86.0 13.7 81.9 3.29
Ours 4.44 98.3 7.44 94.4 7.19 97.7 5.63 97.4 - - - - 11.4 87.9 7.85 92.3 - - 13.4 87.0 8.19 93.6 1.64

Metric depth map (wo/ GT intrinsics)
ZoeDepth 11.0 91.9 17.0 85.4 57.1 33.7 17.4 67.2 - - - - 38.9 38.6 39.3 29.3 - - 94.3 3.23 39.3 49.9 5.90
MASt3R 10.8 89.7 56.7 9.84 47.2 20.1 18.7 61.5 - - - - 62.4 5.51 54.9 19.0 - - 97.2 6.74 49.7 30.3 6.71
DA V1 10.5 94.9 11.6 94.5 40.2 24.0 12.9 81.8 - - - - 34.5 44.7 58.0 16.2 - - 54.8 27.3 31.8 54.8 5.50
DA V2 16.4 80.9 10.6 88.6 36.1 36.3 11.1 91.7 - - - - 41.7 37.5 41.2 22.1 - - 52.1 38.9 29.9 56.6 4.43
UniDepth V1 7.59 97.6 4.69 98.4 56.9 14.9 23.8 57.6 - - - - 13.8 85.1 17.1 71.9 - - 38.2 46.7 23.2 67.5 3.32
UniDepth V2 10.6 92.8 8.58 95.4 20.7 69.5 9.52 93.2 - - - - 18.4 77.6 43.0 51.8 - - 38.2 46.8 21.3 75.3 2.54
Depth Pro 10.7 91.9 23.5 38.3 38.5 32.8 15.9 81.5 - - - - 33.4 35.3 31.9 37.7 - - 39.1 63.0 27.6 54.4 4.36
Ours 7.33 96.1 18.1 62.9 10.4 90.8 13.6 83.0 - - - - 15.8 73.0 17.5 66.4 - - 26.9 65.6 15.7 76.8 2.21

Metric depth map (w/ GT intrinsics)
Metric3D V2 7.16 96.5 5.25 98.0 11.8 88.8 9.96 94.1 - - - - 9.21 93.7 49.1 1.98 - - 35.7 44.3 18.3 73.9 2.75
UniDepth V1 5.98 97.9 4.43 98.5 44.5 26.7 22.6 60.5 - - - - 13.0 87.2 21.0 63.5 - - 38.6 45.9 21.4 68.6 2.50
UniDepth V2 7.81 96.0 5.98 97.7 15.0 85.2 7.71 95.5 - - - - 14.1 89.3 41.0 67.1 - - 37.7 47.1 18.5 82.6 2.57
Ours 6.46 96.9 8.64 93.7 10.5 92.2 9.92 92.4 - - - - 13.1 85.6 16.2 77.1 - - 30.4 74.2 13.6 87.4 2.00

Scale-invariant point map
MASt3R 6.26 96.0 10.0 93.8 6.28 95.5 7.55 95.1 5.03 99.0 31.5 50.2 15.9 77.6 12.8 85.0 39.3 33.7 10.7 95.0 14.5 82.1 5.45
UniDepth V1 5.33 98.4 5.96 98.5 18.5 77.6 5.29 97.4 6.58 99.6 33.0 48.9 11.4 90.2 12.3 91.0 33.1 49.8 4.83 98.5 13.6 85.0 3.83
UniDepth V2 5.59 98.3 5.41 98.0 6.58 97.2 5.56 98.1 4.53 99.7 27.2 56.3 13.4 91.2 12.0 93.4 31.9 46.0 4.20 99.2 11.6 87.7 2.98
Depth Pro 5.04 97.7 10.6 95.1 11.2 92.0 5.84 97.1 4.94 99.8 26.9 63.9 15.8 81.0 8.52 91.6 28.1 60.5 6.82 98.7 12.4 87.7 3.83
MoGe 4.86 98.4 5.47 97.4 4.58 98.9 4.63 97.1 2.58 100 22.3 69.5 12.3 90.3 6.58 94.5 4.84 96.4 6.45 98.1 7.46 94.1 2.14
Ours 3.94 98.3 8.27 97.5 5.45 98.6 5.34 98.3 2.55 100 23.1 66.8 11.0 90.7 8.42 93.7 31.1 42.4 8.77 98.4 10.8 88.5 2.40

Affine-invariant point map
MASt3R 5.30 96.3 8.32 92.3 5.48 96.6 5.72 95.0 3.50 99.2 26.3 62.8 14.7 79.6 8.10 90.1 33.3 51.1 5.34 96.6 11.6 86.0 5.45
UniDepth V1 3.93 98.4 4.29 98.6 12.2 89.6 4.65 98.0 2.99 99.8 28.5 58.4 10.3 90.5 8.56 90.9 29.6 58.5 4.15 98.7 10.9 88.1 3.95
UniDepth V2 3.66 98.4 4.75 98.0 4.35 98.4 4.05 98.1 2.91 99.9 17.9 76.5 12.0 90.8 7.45 92.4 25.1 66.9 3.45 99.4 8.56 91.9 2.55
Depth Pro 4.36 97.9 9.15 90.7 7.73 94.0 4.34 97.4 3.16 99.7 19.6 74.5 14.4 81.2 6.28 93.7 25.0 66.0 5.31 98.8 9.93 89.4 4.30
MoGe 3.68 98.3 4.86 97.2 3.57 99.0 3.61 97.3 1.14 100 16.8 77.8 10.5 91.4 4.37 96.4 4.45 96.4 3.88 98.1 5.69 95.2 2.14
Ours 3.33 98.4 6.47 96.4 3.89 98.7 3.65 98.5 1.16 100 17.4 77.0 10.1 90.3 5.13 94.9 24.5 63.7 4.19 99.1 7.98 91.7 2.23

Local point map
MASt3R - - - - 5.54 95.3 6.19 95.0 - - 11.4 87.9 8.58 91.8 8.75 90.9 - - - - 8.09 92.2 5.40
UniDepth V1 - - - - 8.61 92.6 5.92 96.0 - - 13.4 84.3 8.18 92.0 9.95 90.0 - - - - 9.21 91.0 5.55
UniDepth V2 - - - - 3.99 97.4 4.02 97.3 - - 9.35 92.2 8.18 92.4 6.15 95.3 - - - - 6.34 94.9 3.10
Depth Pro - - - - 4.76 96.9 4.11 97.5 - - 10.8 89.5 8.08 92.4 6.80 94.1 - - - - 6.91 94.1 3.55
MoGe - - - - 3.21 98.1 4.16 96.8 - - 8.63 92.7 6.74 94.3 4.78 96.3 - - - - 5.50 95.6 2.05
Ours - - - - 3.27 98.2 3.61 97.7 - - 8.13 93.2 6.57 94.3 5.09 96.1 - - - - 5.33 95.9 1.35

Scale-invariant depth map
ZoeDepth 5.62 96.3 7.27 91.9 10.4 87.3 7.45 93.2 3.23 99.9 27.4 61.8 17.0 72.8 11.3 85.2 30.3 55.9 7.42 94.7 12.7 83.9 8.75
MASt3R 5.37 96.0 6.24 94.5 5.68 95.5 5.58 95.2 3.72 99.1 26.3 63.7 13.5 81.5 8.37 89.4 32.2 53.5 5.50 96.5 11.2 86.5 7.65
DA V1 4.77 97.5 5.61 95.6 9.41 88.9 5.53 95.8 5.49 99.3 28.3 56.7 13.2 81.5 10.3 87.5 27.3 59.1 6.88 96.4 11.7 85.8 8.22
DA V2 5.03 97.3 7.23 93.7 6.12 95.5 4.32 97.9 4.38 99.3 23.0 65.2 14.7 78.0 7.95 90.0 28.0 61.1 5.92 97.7 10.7 87.6 6.80
Metric3D V2 4.69 97.4 4.00 98.5 3.84 98.5 4.23 97.7 2.46 99.9 20.7 69.8 7.41 94.6 3.29 98.4 24.4 64.4 4.19 99.1 7.92 91.8 3.39
UniDepth V1 3.86 98.4 3.73 98.6 5.67 97.0 4.79 97.4 4.18 99.7 28.3 58.8 10.1 90.5 6.83 92.8 29.2 59.3 4.19 98.4 10.1 89.1 5.12
UniDepth V2 3.65 98.4 4.24 98.0 3.23 98.9 3.45 98.1 3.16 99.7 23.1 65.3 11.0 91.5 5.92 94.1 24.9 65.1 3.48 99.1 8.61 90.8 3.10
Depth Pro 4.42 97.6 5.47 96.2 7.54 94.1 4.13 97.4 2.18 99.9 23.9 68.7 14.0 82.0 7.05 92.0 25.1 63.8 4.36 98.9 9.81 89.1 5.33
MoGe 3.44 98.4 4.25 97.8 3.36 98.9 3.46 97.0 1.47 100 19.3 73.4 9.17 90.5 4.89 94.7 4.63 96.4 3.77 98.1 5.77 94.5 2.72
Ours 3.44 98.2 4.11 98.0 3.55 98.7 3.16 98.2 1.49 100 19.6 71.6 8.91 91.2 5.30 94.6 20.0 72.4 3.96 99.2 7.35 92.2 2.12

Affine-invariant depth
ZoeDepth 4.76 97.3 5.59 95.1 7.27 94.2 5.85 95.7 2.54 99.9 21.8 69.2 14.2 80.1 7.80 90.9 24.3 66.6 6.65 95.7 10.1 88.5 9.09
MASt3R 4.67 96.7 5.79 95.1 4.64 97.0 4.62 95.6 2.85 99.4 21.3 70.3 12.5 83.4 5.79 94.1 27.4 62.8 4.21 96.8 9.38 89.1 7.97
DA V1 3.82 98.3 5.04 96.4 6.23 95.2 4.23 97.3 1.98 100 20.1 71.8 11.3 86.1 6.75 92.6 22.4 68.9 5.77 97.3 8.76 90.4 6.91
DA V2 4.16 97.9 6.77 94.3 4.63 97.2 3.44 98.3 1.44 100 17.1 76.6 13.4 81.8 5.41 94.6 23.7 68.7 4.73 98.9 8.48 90.8 6.15
Metric3D V2 3.94 97.6 3.50 98.4 3.24 99.0 3.28 98.3 2.10 99.4 26.6 71.7 7.15 94.8 2.75 98.7 21.0 72.5 3.02 99.0 7.66 92.9 4.53
UniDepth V1 3.40 98.6 3.55 98.7 4.92 97.5 3.76 98.2 2.48 99.9 24.9 64.1 9.46 90.8 4.90 96.2 25.2 67.3 3.55 98.9 8.61 91.0 5.67
UniDepth V2 2.96 98.6 3.85 98.1 2.95 98.5 2.64 98.4 1.37 100 13.3 83.2 10.5 90.9 4.05 96.5 20.1 75.4 2.48 99.6 6.42 93.9 2.80
Depth Pro 3.67 98.2 5.12 96.8 4.97 96.4 3.23 98.3 1.46 100 15.8 80.1 12.6 84.1 4.66 95.6 21.7 70.5 3.30 99.6 7.65 92.0 5.05
MoGe 2.92 98.6 3.94 98.0 2.69 99.2 2.74 97.9 0.94 100 13.0 83.2 8.40 92.1 3.16 97.5 4.34 96.4 3.00 98.3 4.51 96.1 2.94
Ours 2.89 98.6 3.75 98.1 2.80 99.1 2.36 98.8 0.94 100 13.3 82.5 8.26 92.5 3.14 97.4 15.9 81.2 2.85 99.3 5.62 94.8 2.02

Affine-invariant disparity
ZoeDepth 5.21 97.7 5.84 95.6 8.07 94.0 6.19 96.1 2.60 99.9 26.9 66.3 14.1 81.7 8.17 92.0 27.2 63.0 6.84 96.4 11.1 88.3 8.78
DA V1 4.20 98.4 5.40 97.0 4.68 98.2 4.18 97.6 1.54 100 20.2 77.6 12.7 86.9 5.69 95.7 22.2 72.5 5.56 98.0 8.63 92.2 5.62
DA V2 4.14 98.3 5.61 96.7 4.71 97.9 3.47 98.5 1.24 100 21.4 72.8 13.1 86.4 5.29 96.1 24.3 70.6 4.97 99.1 8.82 91.6 5.42
Metric3D V2 13.4 81.5 3.76 98.2 4.30 97.7 8.55 92.3 1.80 100 21.8 72.4 7.35 94.1 7.70 90.2 23.3 68.1 3.17 99.2 9.51 89.4 6.17
MASt3R 5.07 96.8 5.93 95.5 5.25 96.4 5.39 95.7 2.98 99.7 30.2 65.1 13.0 83.6 6.41 94.3 37.3 53.2 4.41 97.2 11.6 87.8 8.60
UniDepth V1 3.78 98.7 3.64 98.7 5.34 97.2 4.06 98.1 2.56 99.9 28.6 60.7 9.94 89.1 5.95 95.5 30.0 61.6 3.64 99.1 9.75 89.9 5.92
UniDepth V2 3.38 98.7 3.99 98.0 2.97 99.0 3.15 98.3 1.30 100 17.2 79.9 10.2 90.2 4.43 96.4 24.4 69.6 2.51 99.6 7.35 93.0 2.75
Depth Pro 4.21 98.1 5.10 97.0 4.94 96.7 3.74 98.2 1.49 100 17.4 79.1 11.7 87.1 4.84 96.4 27.5 64.5 3.31 99.6 8.42 91.7 5.08
MoGe 3.38 98.6 4.05 98.1 3.11 98.9 3.23 98.0 0.96 100 18.4 79.5 8.99 91.5 3.98 97.2 6.43 93.7 3.30 98.5 5.58 95.4 3.17
Ours 3.35 98.6 3.92 98.1 3.21 98.9 2.85 98.7 0.96 100 18.0 78.7 8.69 92.1 4.03 97.2 18.7 76.6 2.90 99.5 6.66 93.8 2.17

Table B.4: Evaluation results of baselines and our method on each dataset.
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Ablation NYUv2 KITTI ETH3D iBims-1 GSO Sintel DDAD DIODE Spring HAMMER Avg.
Data Scale Prediction Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Re↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑ Rel↓ δ1↑

Metric point map
Improved real Entangled (SI-Log) 6.00 97.3 8.33 93.4 11.6 89.4 7.78 94.6 - - - - 14.4 83.1 10.6 88.4 - - 11.4 88.7 10.0 90.7
Improved real Entangled (Shift inv.) 5.26 97.6 8.81 92.6 10.4 91.7 6.14 96.6 - - - - 13.0 84.8 8.97 91.0 - - 10.4 90.3 9.00 92.1
Improved real Decoupled (Conv) 5.37 97.8 9.56 91.8 9.46 94.1 6.49 95.6 - - - - 13.3 83.5 8.93 91.9 - - 14.2 85.1 9.62 91.4
Synthetic only Decoupled (MLP) 8.58 94.7 9.48 91.9 14.9 83.4 8.20 94.2 - - - - 16.5 80.4 11.0 88.8 - - 18.4 78.2 12.4 87.4
Raw real Decoupled (MLP) 5.36 97.8 7.70 94.5 8.58 94.6 6.60 95.7 - - - - 12.2 85.5 9.01 91.5 - - 13.7 85.4 9.02 92.1
Improved real Decoupled (MLP) 5.47 97.6 8.98 92.6 8.75 94.3 6.24 96.1 - - - - 12.8 84.6 9.26 90.9 - - 12.9 87.4 9.20 91.9

Metric depth map (wo/ GT intrinsics)
Improved real Entangled (SI-Log) 9.65 91.4 14.5 77.3 16.4 73.7 20.1 56.2 - - - - 19.1 67.7 22.3 54.3 - - 23.0 59.8 17.9 68.6
Improved real Entangled (Shift inv.) 9.04 93.1 19.1 56.8 15.5 76.8 15.1 72.1 - - - - 18.0 67.9 19.9 59.8 - - 22.0 55.3 16.9 68.8
Improved real Decoupled (Conv) 9.22 92.7 20.3 51.8 13.8 79.8 15.8 71.0 - - - - 18.1 66.6 19.0 61.8 - - 27.5 54.9 17.7 68.4
Synthetic only Decoupled (MLP) 18.1 73.7 15.8 71.0 24.7 53.2 15.8 76.6 - - - - 21.9 62.4 22.7 56.5 - - 32.8 62.0 21.7 65.1
Raw real Decoupled (MLP) 9.22 92.9 13.8 80.5 13.8 82.1 16.7 72.4 - - - - 16.5 72.3 19.7 61.5 - - 20.8 67.9 15.8 75.7
Improved real Decoupled (MLP) 9.48 92.2 18.7 59.2 13.5 82.6 13.6 79.3 - - - - 17.0 69.2 20.0 59.7 - - 23.4 67.4 16.5 72.8

Scale-invariant point map
Improved real Entangled (SI-Log) 6.03 97.4 9.68 95.3 8.13 95.3 8.63 96.8 4.01 100 26.6 59.4 13.8 84.8 10.3 89.8 31.2 48.0 10.4 95.6 12.9 86.2
Improved real Entangled (Shift inv.) 5.00 97.8 10.7 95.8 7.02 96.7 7.42 97.4 3.42 100 26.0 58.2 12.7 86.6 8.97 92.2 28.9 49.8 10.5 97.5 12.1 87.2
Improved real Decoupled (Conv) 4.84 97.8 12.1 94.8 6.55 96.9 7.15 96.9 3.19 100 26.3 55.8 12.9 85.5 9.11 91.8 29.9 46.9 10.4 97.0 12.2 86.3
Synthetic only Decoupled (MLP) 6.66 96.9 11.3 93.0 6.85 95.8 5.99 96.7 3.14 100 25.4 61.3 15.0 81.1 10.5 89.4 30.9 46.8 7.39 97.5 12.3 85.8
Raw real Decoupled (MLP) 4.88 98.0 9.15 96.0 6.08 97.1 7.31 96.8 3.06 100 24.8 60.8 11.8 87.7 8.34 92.3 28.1 53.2 10.9 96.2 11.4 87.8
Improved real Decoupled (MLP) 5.00 97.8 11.2 95.0 6.21 97.4 6.52 97.3 2.97 100 25.6 60.3 12.6 87.0 8.76 92.3 28.3 51.0 9.10 98.3 11.6 87.6

Affine-invariant point map
Improved real Entangled (SI-Log) 5.00 97.7 8.22 93.0 6.72 96.1 5.71 96.8 2.57 100 21.1 71.0 12.9 84.5 7.36 91.9 26.7 59.7 6.37 97.1 10.3 88.8
Improved real Entangled (Shift inv.) 4.17 97.9 8.58 93.0 5.42 97.0 4.74 96.8 1.78 100 19.7 72.7 11.7 86.6 6.07 93.5 23.3 66.3 5.02 98.6 9.05 90.2
Improved real Decoupled (Conv) 4.08 98.0 9.65 90.8 5.12 97.0 4.67 97.0 1.66 100 19.6 72.2 12.0 85.4 6.11 93.4 23.4 67.9 5.24 98.0 9.15 90.0
Synthetic only Decoupled (MLP) 5.48 97.0 9.11 90.2 5.93 96.2 4.94 96.6 1.56 100 20.0 73.1 13.7 81.9 7.01 91.6 25.5 63.7 4.44 98.7 9.77 88.9
Raw real Decoupled (MLP) 4.06 98.2 7.37 94.5 4.89 97.5 4.74 96.8 1.61 100 19.0 73.6 10.9 87.9 5.89 93.7 23.4 67.0 5.09 98.2 8.70 90.7
Improved real Decoupled (MLP) 4.14 98.0 8.95 92.0 4.94 97.5 4.50 97.2 1.62 100 19.6 73.6 11.7 86.6 6.06 93.3 22.8 68.7 4.40 98.9 8.87 90.6

Local point map
Improved real Entangled (SI-Log) - - - - 6.30 95.6 5.96 96.6 - - 12.0 87.5 8.14 92.5 8.63 92.5 - - - - 8.21 92.9
Improved real Entangled (Shift inv.) - - - - 4.61 97.2 4.56 97.2 - - 10.3 90.2 7.38 93.5 6.61 94.7 - - - - 6.69 94.6
Improved real Decoupled (Conv) - - - - 4.25 97.5 4.34 97.3 - - 9.72 91.0 7.24 93.6 6.17 95.1 - - - - 6.34 94.9
Synthetic only Decoupled (MLP) - - - - 4.37 97.4 4.45 97.2 - - 9.33 91.7 7.51 93.3 6.44 94.9 - - - - 6.42 94.9
Raw real Decoupled (MLP) - - - - 4.28 97.4 4.55 97.1 - - 9.64 91.2 7.11 93.7 6.28 94.9 - - - - 6.37 94.9
Improved real Decoupled (MLP) - - - - 4.20 97.5 4.31 97.3 - - 9.34 91.9 7.21 93.7 6.21 95.0 - - - - 6.25 95.1

Scale-invariant depth map
Improved real Entangled (SI-Log) 4.99 97.4 5.18 96.7 6.48 95.2 5.26 97.3 2.64 100 23.2 65.7 11.6 86.2 7.76 91.3 24.8 63.4 6.40 96.7 9.83 89.0
Improved real Entangled (Shift inv.) 4.17 97.8 4.57 97.5 5.03 96.7 4.42 97.6 2.09 100 22.4 66.7 10.3 88.0 6.16 93.5 20.8 69.2 4.69 98.6 8.46 90.6
Improved real Decoupled (Conv) 4.08 97.9 4.61 97.3 4.80 96.9 4.32 97.1 1.92 100 22.5 64.9 10.3 87.7 6.26 93.2 21.0 68.8 4.81 98.2 8.46 90.2
Synthetic only Decoupled (MLP) 5.05 96.9 5.47 96.3 5.64 95.9 4.76 96.9 1.90 100 21.7 68.0 12.0 85.1 7.16 91.2 22.2 67.4 4.66 97.9 9.05 89.6
Raw real Decoupled (MLP) 4.09 98.0 4.60 97.2 4.82 97.1 4.49 97.0 1.92 100 21.8 66.5 9.79 88.4 6.09 93.2 21.8 68.6 4.67 98.1 8.41 90.4
Improved real Decoupled (MLP) 4.16 97.8 4.59 97.2 4.62 97.4 4.20 97.4 1.89 100 21.9 67.8 10.1 88.4 6.08 93.3 20.4 71.6 4.34 98.9 8.23 91.0

Affine-invariant depth
Improved real Entangled (SI-Log) 4.32 98.0 4.91 97.0 5.21 96.9 4.15 97.8 2.11 100 17.4 76.3 10.8 87.9 5.17 95.7 20.3 72.6 5.26 97.6 7.96 92.0
Improved real Entangled (Shift inv.) 3.57 98.2 4.26 97.6 3.98 97.9 3.35 98.2 1.44 100 16.0 78.4 9.58 89.7 4.01 96.8 17.7 76.7 3.58 98.7 6.75 93.2
Improved real Decoupled (Conv) 3.48 98.3 4.31 97.4 3.77 98.1 3.23 98.0 1.35 100 15.2 79.2 9.48 89.5 3.99 96.4 17.7 76.4 3.74 98.5 6.62 93.2
Synthetic only Decoupled (MLP) 4.19 97.8 5.04 96.6 4.40 97.6 3.73 97.7 1.27 100 15.6 78.9 11.1 86.8 4.50 95.7 19.1 75.0 3.58 98.8 7.25 92.5
Raw real Decoupled (MLP) 3.48 98.4 4.29 97.3 3.75 98.3 3.37 98.0 1.32 100 15.2 80.1 8.95 90.2 3.91 96.7 18.6 75.7 3.48 98.4 6.63 93.3
Improved real Decoupled (MLP) 3.53 98.3 4.30 97.3 3.69 98.3 3.16 98.3 1.33 100 15.3 79.3 9.28 90.1 3.95 96.6 17.6 76.8 3.19 99.0 6.53 93.4

Affine-invariant disparity
Improved real Entangled (SI-Log) 4.69 98.1 4.99 97.2 5.73 96.7 4.63 97.8 2.14 100 21.9 71.1 11.3 88.0 5.69 95.8 23.8 68.4 5.46 98.3 9.03 91.1
Improved real Entangled (Shift inv.) 4.03 98.3 4.39 97.7 4.48 97.8 3.85 98.2 1.47 100 20.2 73.8 9.84 89.8 4.75 96.5 21.3 69.5 3.74 99.0 7.80 92.1
Improved real Decoupled (Conv) 3.96 98.4 4.49 97.5 4.29 97.9 3.75 98.4 1.39 100 19.9 74.4 9.89 89.7 4.75 96.3 21.1 70.0 3.81 98.8 7.73 92.1
Synthetic only Decoupled (MLP) 4.75 97.8 5.17 96.7 4.86 97.6 4.29 98.0 1.31 100 20.8 74.0 11.5 87.3 5.21 95.9 22.2 69.7 3.66 99.0 8.38 91.6
Raw real Decoupled (MLP) 3.92 98.4 4.50 97.4 4.23 98.0 3.95 98.2 1.35 100 19.9 74.8 9.22 90.6 4.78 96.3 21.4 69.6 3.61 98.7 7.69 92.2
Improved real Decoupled (MLP) 4.03 98.3 4.45 97.5 4.11 98.1 3.74 98.2 1.37 100 19.8 75.4 9.71 90.1 4.79 96.2 20.0 72.5 3.30 99.3 7.53 92.6

Table B.5: Evaluation results of ablation study on each sets
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