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Supplementary Material

A. Details of Camera Embedding
The details of camera embedding module are as follows.
The warped feature (B×C×D×H×W ) is reshaped to B×
CD×H×W and further processed by Conv→BN→ReLU
layers to produce the output with shape B × C ×H ×W .
The camera parameters (B × 4× 4) is reshaped to B × 16,
processed by a BN layer, and mapped to B×C by an MLP,
which is further reshaped to B×C×1×1. The two features
(B × C ×H ×W and B × C × 1× 1) are added together
with brodcast, wich is further processed by Squeeze-and-
Excitation [4]→Conv layers. The output is B×C×H×W ,
which then add to the corresponding feature.

B. More Ablation Study
Compatibility with Monocular Foundation Models. To
fairly verify the applicability of our method to different
monocular foundation models, we replace Depth Anything
V2 [10] with other ViT-small version monocular foundation
models: DINO V2 [7], Depth Anything V1 [9], and Depth
Pro [2]. As shown in Tab. 1, all alternative monocular
foundation models exhibit significant improvements in both
point cloud and depth performance, among which Depth
Anything V2 achieves the best results. This further con-
firms the generalization capability of our method.

Models Overall↓ Acc.↓ Comp.↓ MAE↓
Depth Pro [2] 0.286 0.316 0.256 5.78
DINO V2 [7] 0.284 0.311 0.257 5.50
Depth Anything V1 [9] 0.282 0.299 0.265 5.03
Depth Anything V2 [10] 0.278 0.313 0.243 4.99

Table 1. Ablation study on different monocular foundation mod-
els.

Number of Views. As shown in Tab. 2, we show the im-
pact of the number of input views. Multi-view information
helps alleviate problems such as occlusions, and the recon-
struction quality progressively improves with an increasing
number of views, saturating at 9 views.
Positional Encoding Design. We replace Cross-View Posi-
tional Encoding (CVPE) with an MLP to map the traditional
2D positional encoding. As shown in Fig. 3, the Overall↓
metric (0.278→0.285), demonstrating the effectiveness our
proposed CVPE.

C. More Visualization Results
Fig. 1 present our method achieves better accuracy and re-
call in textureless regions and depth discontinuous edge re-

N Overall↓ Acc.↓ Comp.↓

4 0.2825 0.315 0.250
5 0.2780 0.313 0.243
6 0.2765 0.309 0.244
7 0.2760 0.307 0.245
8 0.2755 0.304 0.247
9 0.2750 0.302 0.248
10 0.2755 0.299 0.252

Table 2. Ablation study on the number of input views N .

Position Encoding Overall↓ MAE↓
w/ 2D PE+MLP 0.285 5.29
w/ 2D PE+CVPE 0.278 4.99

Table 3. Ablation on position encoding design.

gions on the Tanks-and-Temples benchmark [5]. Figure 2
presents the depth map comparison results from the abla-
tion experiments on the DTU [1] dataset. Figures 3 and
4 visualize the reconstructed point clouds on the DTU and
Tanks-and-Temples benchmark, respectively.
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Figure 1. Qualitative comparison of reconstructed point clounds with ET-MVSNet [6], MVSFomrer++ [3], and GoMVS [8] on Tanks-and-
Temples [5] benchmark. Brighter areas in the figure indicate smaller errors associated with the distance threshold (τ ). The top row shows
the Precision for the Lighthouse in the advanced subset (τ = 5mm), the bottom row shows the Recall for the Temple in the intermediate
subset (τ = 15mm).
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Figure 2. Additional depth maps visualization comparing the Baseline, MonoMVSNet, Ground Truth, Depth Anything V2 (DAV2), and
Aligned DAV2 on the DTU [1] dataset.



Figure 3. More visualization results of all reconstructed point clouds on the DTU [1] dataset.
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Figure 4. More visualization results of all reconstructed point clouds on the Tanks-and-Temples [5] benchmark.


	Details of Camera Embedding
	More Ablation Study
	More Visualization Results

