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A. Results on TAO-Amodal010

In this section, we compare the performance of various011
methods on the real-world TAO dataset [3]. Since no012
amodal ground-truth is available for quantitative evaluation,013
we present visualizations of different methods, as shown in014
Figs. S3–S8. It can be observed that our method achieves015
video amodal completion with stable consistency and high016
visual quality. As illustrated in Fig. S3, despite the signif-017
icant motion variations of the athlete, our method can still018
reconstruct the complete human body for each movement019
while maintaining the consistency of visual elements (e.g.,020
shoes, upper garments). In contrast, TACO [7] and SD-VAS021
(Diffusion-VAS) [2] fail to complete occluded human body022
parts. This deficiency stems from the limited generalization023
capability of their fine-tuned models, which is also demon-024
strated in Figs. S5 and S7. Regarding object completion,025
as shown in Fig. S8, our method maintains the consistency026
of object completion across different scales even when the027
object size changes due to camera movements.028

Overall, by leveraging the prior of pre-trained image029
inpainting models, our method achieves high generation030
quality and ensures inter-frame consistency through recti-031
fied in-context learning. In contrast, previous SOTA VAC032
methods rely on fine-tuning video models, which not only033
degrades their generalization capability but also reduces034
their generation performance. As a result, their completion035
results may fail to provide effective support for downstream036
recognition tasks.037

Figure S1. Statistics for user study.

Exemplar Selection PSNR(↑) SSIM(↑) LPIPS(↓) IoU(↑)
S-I First frame 23.58 0.881 0.103 81.9
S-II Random 23.79 0.896 0.1206 79.2

Ours Biggest visible 24.71 0.910 0.070 86.6
Prompt Setting PSNR(↑) SSIM(↑) LPIPS(↓) IoU(↑)

T-I Minimal 24.70 0.911 0.071 86.1
T-II Detailed 24.36 0.905 0.076 84.2
T-III Distracting 24.15 0.905 0.081 83.6
Ours Object description 24.71 0.910 0.070 86.6

Table S1. Influence of the setting of IC .

B. User Study 038

To evaluate the perceptual quality on real data, we conduct a 039
user study with 44 participants using 28 real-world videos. 040
We compare our method against three representative base- 041
lines, TACO [7], SD-VAS (Diffusion-VAS) [2], and OW- 042
Amodal [1]. For each video, we present the amodal 043
results of four methods side by side in a randomized order 044
and ask the participants to compare them before assigning 045
scores to each method along three dimensions: visual 046
quality, consistency with the visible content, and object 047
completeness. Each dimension is scored on a 5-point scale, 048
where a score of 1 indicates very poor quality or a clear 049
mismatch after comparison, and a score of 5 indicates high 050
quality and good agreement with human expectation. 051

We collect all ratings and report the average score of 052
each method on the three dimensions. Fig. S1 shows 053
statistics for user study results. In particular, our method 054
achieves the highest average scores on all three dimensions 055
with margins that are clearly larger than those of the 056
baselines, which further demonstrates the effectiveness of 057
the proposed approach. 058
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C. Exemplar Frame Selection Strategy059

In this section, we discuss the strategy for exemplar frame060
selection. Our method adopts an intuitive strategy: select061
the frame with the largest visible region in the sequence as062
the exemplar, and a second frame sufficiently distant from063
the exemplar as the collaboration frame. To validate the064
impact of exemplar selection on performance, we compare065
with the following strategies:066
• S-I: Select the first frame as the exemplar and the second067

frame as the collaboration frame;068
• S-II: Randomly select two frames as the exemplar and069

collaboration frame.070
As shown in the upper part of Table S1, exemplar071

selection strategies significantly affect the completion re-072
sults. S-I yields the worst performance due to insufficient073
complementary information between the two consecutive074
frames. For S-II, the selected frames may have excessively075
small visible regions, leading to incomplete completions.076
In contrast, our strategy ensures the effectiveness of the077
exemplar, while the selected collaboration frame facilitates078
the completion of the exemplar—thereby enhancing the079
performance of IC learning.080

D. Influence for Text Prompts081

Additionally, we investigate the influence of text prompts on082
our algorithm, as presented in Table S1. Notably, compared083
with exemplar selection strategies, variations in prompt084
designs exert minimal impact on the results. We use object-085
specific descriptions for exemplar completion and test three086
prompt settings for subsequent frame completion:087
• T-I: Minimal Prompt – Only use “main object” as the088

completion prompt;089
• T-II: Detailed Prompt – “A quadriptych sharing the same090

object: ” + object description + “with the left two panels091
containing the object partially occluded by a masking092
object, and the right two panels showing the complete093
object without occlusion.”;094

• T-III: Distracting Prompt – Randomly adopt object095
descriptions from unrelated sequences.096
It can be observed that the performance of T-I, T-II,097

and our default prompt is nearly identical, while T-III098
only exhibits a slight performance drop. This indicates099
that our method is robust to prompt variations, as our IC100
framework prioritizes visual cues from the exemplar over101
textual prompt information. This also aligns with human102
cognitive habits: once the complete appearance of an object103
is inferred, subsequent predictions can be made based solely104
on this visual impression.105

E. Details for IC setting106

Fig. S2 shows the visual illustrations for the discussion in107
Sec. 4.2 “IC Component Discussion.” Consistent with the108
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Figure S2. Visual results of Sec. 4.2 “IC Component Discussion”.

results in Tab. 3, the setting of IC inputs has a significant 109
influence on the outputs. As shown in Fig. S2 (a), only 110
providing object information without explicit guidance on 111
the task, the model can not carry out the “incomplete-to- 112
complete” transformation. Configuration P-II, as shown in 113
Fig. S2 (b), attempts to provide the correct transformation 114
logic by using the visible part of the object as the query 115
and the completed object as the target. While it achieves 116
better image quality compared to P-I, there is a significant 117
deformation in the output, sacrificing the vital scene 118
context by excluding the surrounding environment. The 119
surrounding scene in the original frame serves as a crucial 120
contextual anchor. Diffusion models rely on this compre- 121
hensive background information to determine the object’s 122
stable global position, scale, and environmental consistency 123
across dynamically changing frames. Removing this 124
context isolates the desired transformation but prevents the 125
DiT backbone from stabilizing the object’s features against 126
background noise and movement. Consequently, when the 127
visible region of the target object contains limited structural 128
information, the resultant completions exhibit pronounced 129
temporal instability and flickering. 130
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F. Inpainting Mask Generation Pipeline131

Following the paradigm of OW Amodal [1], the inpainting132
mask Mip is generated through two sequential steps:133
generate all visible objects in the given images and analyze134
the spatial order between these objects. Proceed as follows,135
for more details please refer to [1].136

1). We first applied RAM to the input image X to137
extract all recognizable visual concepts in X , as a set of138
tags T = {t1, t2, ..., tM}, where tm denotes the class139
label for the recognizable visual concept mth. Then140
GroundingDINO [6] combined with SAM [4] is used to141
generate segmentation masks for all concepts in T , denoted142
as S = {s1, s2, ..., sM}.143

2). We analyze the spatial order between masks in S144
and the target visible mask M using InstaOrderNet [5].145
For each si in S, we adopt InstaOrderNet to compute the146
binary occlusion indicator, assigning a value of occi = 1147
if the segment occludes the target (masked by M ) and 0148
otherwise. Then we aggregate the masks in S that are149
spatially in front of M to obtain the final inpainting mask150
Mip as:151

Mocc =

m⋃
( i=1
occi=1)

si. (1)152

G. SOTA Method Comparison Settings153

Following TACO [7], we resize all results to 256 × 256154
resolution when calculating the metrics. For the E2FGVI155
baseline, to avoid the severely degraded performance when156
masking out all but the visible object area, we change157
the background to white and then use the same dilated158
bounding box of the ground-truth (GT) amodal mask as the159
inpainting mask. For PSNR, SSIM, and LPIPS values, since160
a significant portion of the synthesized frames is white,161
amodal object is cropped using a dilated bounding box of162
the GT amodal mask and compute the PSNR, SSIM, and163
LPIPS metrics within this specific region.164

H. Details for Using Nano for IC165

We first explored the viability of using a powerful com-166
mercial large image model, Nano Banana, for direct167
amodal completion tasks. Given the model’s demonstrated168
capabilities in complex image understanding and editing,169
it was necessary to investigate whether such generalized170
pre-trained models could intrinsically handle the amodal171
challenge, thereby validating the fundamental premise of172
utilizing open-world priors for occluded appearance syn-173
thesis. However, practical application revealed significant174
limitations in adapting these tools to the inherently ill-175
posed nature of amodal completion tasks. As illustrated176
in Fig. S9 (a), we show multiple output results for a177

single input, revealing that when directly inputting only the 178
visible region, the model produced relevant and plausible 179
completion results with a certain probability only when the 180
occluded object possessed a substantial visible area. This 181
sporadic success reaffirms the feasibility of leveraging large 182
pre-trained models for amodal completion. However, the 183
model, heavily influenced by its prior knowledge, often 184
generated objects visually inconsistent with the provided 185
visible region. Conversely, completion for small visible re- 186
gions (representing severe occlusion) failed completely. We 187
further explored providing explicit scene context, feeding 188
the full scene image alongside the visible part, as shown 189
in Fig. S9 (b). While this approach slightly increased the 190
consistency between the completed object and the visible 191
boundaries for larger objects, the failure to complete heavily 192
occluded (small visible area) instances—often resulting 193
in the model outputting the unmodified scene image or 194
generating irrelevant content—demonstrates the model’s 195
inability to consistently perceive the amodal task even 196
with explicit context. Finally, we attempted a collabo- 197
rative prompting strategy akin to our proposed in-context 198
learning, providing two input images simultaneously to 199
guide the completion, as depicted in Fig. S9 (c). Under 200
this setup, the success rate for completing small-area 201
objects improved, confirming the potential of the ICL 202
paradigm for transferring the “incomplete-to-complete” 203
transformation logic. Nevertheless, a pronounced flaw 204
emerged: completions, especially for smaller occluded 205
regions, suffered from severe spatial position inconsistency. 206
This confirms that while generalized diffusion models retain 207
rich appearance priors, their vanilla attention mechanisms 208
fail to semantically anchor the completion structurally and 209
temporally, particularly when distinguishing task-critical 210
cues from irrelevant scene context, demanding explicit 211
guidance mechanisms for robust VAC. 212
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Figure S3. Qualitative comparisons on TAO.
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Figure S4. Qualitative comparisons on TAO.
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Figure S5. Qualitative comparisons on TAO.
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Figure S6. Qualitative comparisons on TAO.
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Figure S7. Qualitative comparisons on TAO.
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Figure S8. Qualitative comparisons on TAO.
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Figure S9. Details for Using Nano for IC.

10


	Results on TAO-Amodal
	User Study
	Exemplar Frame Selection Strategy
	Influence for Text Prompts
	Details for IC setting
	Inpainting Mask Generation Pipeline
	SOTA Method Comparison Settings
	Details for Using Nano for IC

