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Figure A. User study interface. Participants were shown an input
prompt and two generated videos from different methods. They
were asked to compare the results based on Consistency, Dynamics
and Aesthetics. Each question allowed skipping if the difference
was hard to judge.

Appendix001

A. Details of User Study002

User Study: Comparison with Existing Methods. To003
evaluate the effectiveness of our method, we conducted a004
user study comparing it against several existing approaches.005
We collected a total of 74 video pairs, each generated from006
the same input image or text prompt to ensure fair compar-007
isons. Competing methods included Free4D [4], 4Real [7],008
GenXD [9], and Animate124 [8]. All comparison videos009
were obtained from their official project pages. The study010
was conducted online, and a screenshot of the evaluation in-011
terface is shown in Fig. A. Participants were asked to assess012
each video pair across three criteria: Consistency, Dynam-013
ics, and Aesthetics. For each criterion, they were instructed014
to choose the video they perceived as better. If a compar-015
ison was too difficult to judge, they could skip to the next016
example without selecting an answer. All responses were017
collected anonymously, and no personal data were recorded018
during the study.019

B. Details of VBench Metrics020

To comprehensively evaluate the quality of our synthesized021
novel-view videos, we adopt a suite of metrics introduced022
in VBench [2], covering three key aspects: Consistency (for023
both subject and background), Degree of Motion, and Aes-024
thetic Quality.025
Subject / Background Consistency. This metric assesses026
how consistently both the main subject (e.g., human, vehi-027
cle, animal) and the surrounding background are maintained028
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Figure B. Architecture of the Cross-Domain Self-Attention
(CDSA) module. The CDSA block is inserted between self-
attention and cross-attention layers to facilitate bidirectional in-
teraction between RGB and XYZ modalities. We explore two
variants: the Full Version, where all tokens interact densely, and
the Sparse Version, where attention is restricted to spatially corre-
sponding token pairs. This design enables effective cross-modal
alignment with different trade-offs in efficiency and performance.

throughout the video. It leverages feature similarity across 029
frames using DINO [1] for the foreground and CLIP [5] 030
for the background. DINO focuses on preserving subject 031
identity by comparing learned visual representations, while 032
CLIP captures broader scene coherence. The average of 033
both consistency metrics provides a balanced view of over- 034
all temporal consistency. 035

Degree of Motion. To avoid favoring overly static videos 036
that may perform well on consistency metrics, we include 037
a motion-aware measure. Specifically, RAFT [6] is applied 038
to estimate optical flow, and the Dynamic Degree is com- 039
puted by averaging the top 5% of largest flow magnitudes. 040
This helps emphasize prominent movements, such as object 041
actions or camera shifts, while de-emphasizing negligible 042
or noisy motions, ensuring a more meaningful evaluation of 043
dynamics. 044

Aesthetic Quality. To reflect the perceived visual appeal of 045
the generated videos, we utilize the LAION Aesthetic Pre- 046
dictor [3], a lightweight regressor trained atop CLIP fea- 047
tures to score image aesthetics on a scale from 1 to 10. It 048
considers multiple factors, including color composition, re- 049
alism, layout, and overall artistic impression. We apply this 050
predictor to each frame and report the average score as the 051
final Aesthetic Quality metric. 052

C. Cross-Domain Self-Attention (CDSA) 053

As introduced in Sec. ??, we introduce a Cross-Domain 054
Self-Attention (CDSA) module to enhance the alignment 055
between RGB and XYZ modalities, particularly under the 056
batch-wise fusion strategy. Figure B illustrates the architec- 057
ture of this module. 058

As shown in the left part of Fig. B, the CDSA block 059
is inserted between the standard self-attention and cross- 060
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Figure C. Novel-view video results on in-the-wild data.

attention layers within a transformer block. It explicitly en-061
ables bidirectional interaction between RGB and XYZ to-062
kens through attention mechanisms—allowing RGB tokens063
to attend to XYZ tokens and vice versa—thus facilitating064
cross-modal information exchange.065

To balance performance and efficiency, we implement066
and compare two versions of CDSA:067
• Full Version: All RGB and XYZ tokens participate in068

dense cross-domain attention. This version achieves069
stronger modality interaction at the cost of higher mem-070
ory and computation.071

• Sparse Version: Token interactions are restricted to spa-072
tially corresponding positions between RGB and XYZ se-073
quences. This reduces overhead while retaining most of074
the alignment benefits.075
While both versions aim to bridge the modality gap by076

promoting fine-grained token-level communication, our ex-077
periments reveal that under the batch-wise fusion setting,078
even with CDSA, the overall cross-modal alignment re-079
mains limited. This is primarily due to the spatial sepa-080
ration of RGB and XYZ tokens, which contrasts with the081
more effective width-wise fusion strategy where the inter-082
action distance is inherently shorter.083

D. More Results084

We present novel-view video generation results on in-the-085
wild data. As shown in Fig. C, our method generates high-086
quality multi-view videos, demonstrating the model’s effec-087
tiveness in complex real-world environments.088
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Julien Mairal, Piotr Bojanowski, and Armand Joulin. Emerg-091
ing properties in self-supervised vision transformers. In092

2021 IEEE/CVF International Conference on Computer Vi- 093
sion, ICCV 2021, Montreal, QC, Canada, October 10-17, 094
2021, pages 9630–9640. IEEE, 2021. 1 095

[2] Ziqi Huang, Yinan He, Jiashuo Yu, Fan Zhang, Chenyang 096
Si, Yuming Jiang, Yuanhan Zhang, Tianxing Wu, Qingyang 097
Jin, Nattapol Chanpaisit, Yaohui Wang, Xinyuan Chen, Limin 098
Wang, Dahua Lin, Yu Qiao, and Ziwei Liu. Vbench: Com- 099
prehensive benchmark suite for video generative models. 100
In IEEE/CVF Conference on Computer Vision and Pattern 101
Recognition, CVPR 2024, Seattle, WA, USA, June 16-22, 102
2024, pages 21807–21818. IEEE, 2024. 1 103

[3] LAION-AI. aesthetic-predictor, 2022. 1 104

[4] Tianqi Liu, Zihao Huang, Zhaoxi Chen, Guangcong Wang, 105
Shoukang Hu, Liao Shen, Huiqiang Sun, Zhiguo Cao, Wei 106
Li, and Ziwei Liu. Free4d: Tuning-free 4d scene gen- 107
eration with spatial-temporal consistency. arXiv preprint 108
arXiv:2503.20785, 2025. 1 109

[5] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya 110
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, 111
Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen 112
Krueger, and Ilya Sutskever. Learning transferable visual 113
models from natural language supervision. In Proceedings 114
of the 38th International Conference on Machine Learning, 115
ICML 2021, 18-24 July 2021, Virtual Event, pages 8748– 116
8763. PMLR, 2021. 1 117

[6] Zachary Teed and Jia Deng. RAFT: recurrent all-pairs field 118
transforms for optical flow (extended abstract). In Proceed- 119
ings of the Thirtieth International Joint Conference on Ar- 120
tificial Intelligence, IJCAI 2021, Virtual Event / Montreal, 121
Canada, 19-27 August 2021, pages 4839–4843. ijcai.org, 122
2021. 1 123

[7] Heng Yu, Chaoyang Wang, Peiye Zhuang, Willi Mena- 124
pace, Aliaksandr Siarohin, Junli Cao, László A. Jeni, Sergey 125
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