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Figure 8. Visualization of matching costs in previous zero-shot matching methods [80, 99], encoder and decoder features within
cross-view completion models, and our ZeroCo.
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Figure 9. Visualization of matching costs in previous zero-shot matching methods [80, 99], encoder and decoder features within
cross-view completion models, and our ZeroCo.
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Figure 10. Visualization of warped images using cross-attention maps. Based on our findings, we used the cross-attention maps from
CroCo-v2 [93], DUSt3R [86], and MASt3R [53] to warp the source image to the respective target image, which shows the effectiveness of
the cross-attention maps in various cross-view completion-based models for dense correspondence.
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Figure 11. Visualization of warped images using cross-attention maps. Based on our findings, we used the cross-attention maps from
CroCo-v2 [93], DUSt3R [86], and MASt3R [53] to warp the source image to the respective target image, which shows the effectiveness of
the cross-attention maps in various cross-view completion-based models for dense correspondence.
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Figure 12. Visualization of warped images using estimated dense correspondence. We used the output flow from GLU-Net-
GOCor [81], PDCNet+ [84], DiffMatch [64], and our ZeroCo-flow to warp the source image to the respective target image.



(@) Input image (b) ManyDepth (c) DualRefine (d) ZeroCo-depth

Figure 13. Qualitative results for multi-frame depth estimation on the KITTI [25] dataset. We compare our ZeroCo-depth with multi-
view depth estimation models that leverage epipolar-based cost volumes [4, 91] and demonstrate improved depth prediction performance
for dynamic objects through a full cost volume represented by a cross-attention map.



(a) Input image (b) ManyDepth (c) DynamicDepth (d) ZeroCo-depth

Figure 14. Qualitative results for multi-frame depth estimation on the Cityscapes [14] dataset. We compare our ZeroCo-depth
with multi-view depth estimation models that leverage epipolar-based cost volumes [24, 91] and demonstrate improved depth prediction
performance for dynamic objects through a full cost volume represented by a cross-attention map.



F. Limitation

Our method may face challenges with semantic object cor-
respondence tasks [9, 10, 49], which involve additional
complexities such as intra-class variations and background
clutter in image pairs. However, this limitation could poten-
tially be addressed by training cross-view completion mod-
els on semantically similar object pairs. Additionally, our
method is currently constrained to two-view inputs, and ex-
tending it to handle a large number of view inputs would
require further implementation efforts and considerations.
Finally, the method may encounter difficulties when applied
to extremely high-resolution images.
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