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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.



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

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 (d) ZeroCo-depth(b) ManyDepth (c) DynamicDepth

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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hiko Torii, Tomas Pajdla, and Josef Sivic. Neighbourhood
consensus networks. Advances in neural information pro-
cessing systems, 31, 2018. 5

[76] Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Björn Ommer. High-resolution image
synthesis with latent diffusion models. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 10684–10695, 2022. 7

[77] Patrick Ruhkamp, Daoyi Gao, Hanzhi Chen, Nassir Navab,
and Beniamin Busam. Attention meets geometry: Geom-
etry guided spatial-temporal attention for consistent self-
supervised monocular depth estimation. In 2021 Inter-
national Conference on 3D Vision (3DV), pages 837–847.
IEEE, 2021. 7, 17

[78] Thomas Schops, Johannes L Schonberger, Silvano Galliani,
Torsten Sattler, Konrad Schindler, Marc Pollefeys, and An-
dreas Geiger. A multi-view stereo benchmark with high-
resolution images and multi-camera videos. In Proceed-
ings of the IEEE conference on computer vision and pattern
recognition, pages 3260–3269, 2017. 6, 7, 8, 16, 17

[79] Xi Shen, François Darmon, Alexei A Efros, and Mathieu
Aubry. Ransac-flow: generic two-stage image alignment.
In Computer Vision–ECCV 2020: 16th European Confer-
ence, Glasgow, UK, August 23–28, 2020, Proceedings, Part
IV 16, pages 618–637. Springer, 2020. 2

[80] Luming Tang, Menglin Jia, Qianqian Wang, Cheng Perng
Phoo, and Bharath Hariharan. Emergent correspondence
from image diffusion. Advances in Neural Information Pro-
cessing Systems, 36:1363–1389, 2023. 5, 6, 7, 16, 21, 22,
25, 26, 27

[81] Prune Truong, Martin Danelljan, Luc V Gool, and Radu
Timofte. Gocor: Bringing globally optimized correspon-
dence volumes into your neural network. Advances in
Neural Information Processing Systems, 33:14278–14290,
2020. 2, 6, 8, 17, 30

[82] Prune Truong, Martin Danelljan, and Radu Timofte. Glu-
net: Global-local universal network for dense flow and cor-
respondences. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 6258–
6268, 2020. 2, 3, 5, 6, 15, 16, 17

[83] Prune Truong, Martin Danelljan, Luc Van Gool, and Radu
Timofte. Learning accurate dense correspondences and
when to trust them. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pages
5714–5724, 2021. 2, 6, 15, 17

[84] Prune Truong, Martin Danelljan, Radu Timofte, and Luc
Van Gool. Pdc-net+: Enhanced probabilistic dense corre-
spondence network. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 45(8):10247–10266, 2023. 2, 3,
5, 6, 8, 15, 17, 30

[85] A Vaswani. Attention is all you need. Advances in Neural
Information Processing Systems, 2017. 4, 5, 14, 15

[86] Shuzhe Wang, Vincent Leroy, Yohann Cabon, Boris
Chidlovskii, and Jerome Revaud. Dust3r: Geometric 3d
vision made easy. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, pages
20697–20709, 2024. 1, 2, 4, 6, 8, 17, 19, 21, 22, 24, 28, 29

[87] Xiaofeng Wang, Zheng Zhu, Guan Huang, Xu Chi, Yun
Ye, Ziwei Chen, and Xingang Wang. Crafting monocular
cues and velocity guidance for self-supervised multi-frame
depth learning. In Proceedings of the AAAI Conference on
Artificial Intelligence, pages 2689–2697, 2023. 3, 7, 17

[88] Yang Wang, Peng Wang, Zhenheng Yang, Chenxu Luo, Yi
Yang, and Wei Xu. Unos: Unified unsupervised optical-
flow and stereo-depth estimation by watching videos. In
Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 8071–8081, 2019. 2,
4

[89] Yihan Wang, Lahav Lipson, and Jia Deng. Sea-raft: Simple,
efficient, accurate raft for optical flow. In European Con-
ference on Computer Vision, pages 36–54. Springer, 2025.
1

[90] Zhou Wang, Alan C Bovik, Hamid R Sheikh, and Eero P
Simoncelli. Image quality assessment: from error visibility
to structural similarity. IEEE transactions on image pro-
cessing, 13(4):600–612, 2004. 2, 4

[91] Jamie Watson, Oisin Mac Aodha, Victor Prisacariu, Gabriel
Brostow, and Michael Firman. The temporal opportunist:
Self-supervised multi-frame monocular depth. In Proceed-
ings of the IEEE/CVF conference on computer vision and
pattern recognition, pages 1164–1174, 2021. 2, 3, 5, 7, 8,
16, 17, 23, 31, 32

[92] Philippe Weinzaepfel, Vincent Leroy, Thomas Lucas, Ro-
main Brégier, Yohann Cabon, Vaibhav Arora, Leonid Ants-
feld, Boris Chidlovskii, Gabriela Csurka, and Jérôme Re-
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