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1. Suppplementary Materials001

1.1. More Qualitative Results002

It is highly recommended to refer to the webpage for visu-003
alization.004

1.2. Implementation Details.005

Data Curation. We sample frames from ScanNet++ [9]006
and ARKitScenes [1] at an interval of three to reduce tem-007
poral redundancy. To curate datasets for object grounding,008
for each sampled frame, we use Qwen3-VL [5] to perform009
object grounding with the following prompt template:010

Object Grounding Prompt Template

You are a helpful assistant. Identify ALL objects
that belong to these categories: YOUR CATEGORY.
Requirements:

1. Return ALL instances of objects from these cate-
gories (can be multiple).

2. Each object must be CLEARLY VISIBLE with
SHARP, DISTINCT boundaries (not blurry or pix-
elated).

3. If the image is blurry, low quality, or no clear ob-
jects exist, return an empty array: [].

4. Format: [”label”: ”DETECTED CATEGORY”,
”box”: [x1, y1, x2, y2], ...]

011

We then filter detections using a center-region threshold012
(center ratio) and select the instance closest to the image013
center as the grounding target. For each clip, we take a014
frame where the target is centered as the final frame and ex-015
tract the preceding 161 frames (inclusive) to form the target016
video clip. We also use Qwen3-VL to caption the clip with017
the following prompt:018

Video Caption Prompt Template

You are a helpful assistant. Describe a video se-
quence in which the camera moves through the en-
vironment and, at the end, a {centered object label}
appears centered in the frame. Use simple sen-
tences. Do NOT use complex grammar. Good ex-
ample: “The camera moves through a room. It pans
left and right. At the end, a {centered object label}
is centered in the frame.” Bad example: “The cam-
era pans around, revealing various objects and even-
tually discovering a {centered object label} posi-
tioned in the center, where it comes to rest in the
frame.” Provide a concise description in 1–2 simple
sentences.

019

Training with context. During training, we sample both020
context frames and target generation frames from source021

videos. Target clips are 161 frames long. Context frames 022
are randomly drawn but always in contiguous groups of 023
four to satisfy the Wan2.2 [6] VAE encoder. For efficiency, 024
we pre-encode frames into latents during preprocessing and 025
sample latents directly, yielding roughly 2× faster training. 026
A key consideration is ensuring sufficient overlap between 027
context and target frames so the model can learn geomet- 028
ric consistency. ScanNet++ sequences are long with ample 029
overlap, so we sample context and targets from the same 030
clip. ARKitScenes sequences are shorter with less view 031
overlap but include multiple videos per environment; there- 032
fore, we sample context and targets from different videos 033
within the same environment. 034

Spatial Distance. To measure the distance between 035
the point cloud reconstructed by VGGT [7] and the 036
ground-truth point cloud, we first register the two coordi- 037
nate frames. ScanNet++ [9] provides frames with calibrated 038
camera poses and depth maps. When reconstructing point 039
clouds from generated videos, we append 40 ground-truth 040
frames as anchors and use the estimated point clouds of 041
these anchors to perform registration. After alignment, we 042
compute the point-cloud distance. 043

1.3. Benchmark setting. 044

Since it is not feasible to make the setting for different meth- 045
ods perfectly fair, we list the detailed setting for each meth- 046
ods for reference. 047

Wan2.2-5B [6]. We generate 121-frame videos at a resolu- 048
tion of 1280 × 704. The model takes the first frame and a 049
text instruction as input, utilizing 50 inference steps and a 050
classifier-free guidance scale of 5.0. 051

Veo 3 [2]. We utilize the Veo 3 image to video model via 052
its official API, generating videos at 1280 × 720 with 192 053
frames. 054

FramePack [11]. We employ FramePack to generate 055
videos at a resolution of 704 × 544. The inference process 056
utilizes 50 sampling steps with a classifier-free guidance 057
scale of 3.0. The model is conditioned on a context window 058
of 105 frames, which are encoded into a multi-scale latent 059
representation comprising 16 latent frames at 4x compres- 060
sion, 2 latent frames at 2x compression, and 9 latent frames 061
at 1x compression. 062

Anysplat [3]. We employ Anysplat for 3D reconstruction 063
and rendering for video outputs. The model utilizes 84 con- 064
text frames along with the first frame serving as an anchor 065
for reconstruction, which correspond to 84 latent frames 066
plus the first frame for the video generation setting. We 067
estimate camera poses using VGGT [7] and use them for 068
coordinate regularization. 069

Gen3C [4]. We follow the official implementation of 070
Gen3C and its instruction on Multiview Images Input. First, 071
we run VGGT [7] to get the depth information, camera in- 072
trinsics, and extrinsics of the context frame. We also include 073
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Context frames

Failure case Success case

Context frames

Failure case Success case

(a) Failure case of temporal discontinuities and success case

(b) Failure case of incorrect grounding and success case

Figure 1. Failure and success cases.
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Figure 2. Ablation on grounding success rate over repeat time.
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Figure 3. Ablation on different CFG weights .

the first frame of the generation as the first context frame.074
During the VGGT inference, we include context frames and075
ground truth frames as a single run to get the camera poses076
of the ground truth. During the Gen3C inference, we use the077
camera poses of ground truth as camera control. We input078
85 context frames and output 121 frames, all at resolution079
576x320.080

TrajectoryCrafter [10]. We use the same preprocessing081
algorithm as Gen3C, i.e. VGGT, to get the point cloud from082
85 context frames and camera pose control from 121 ground083
truth frames, all in one pass to make sure they are in the084
same corodinate system. Then we project the point cloud085
based on ground truth camera and get masks. Since the086

Table 1. Ablation on context sampling.

SD↓ IF↑ IF(SD< 0.2)↑

Non-continuous 0.1099 0.7327 0.6486
Continuous 0.3246 0.8497 0.4600

model is trained to generate 49 frames, we run three infer- 087
ences to get the complete output. 088

1.4. Experiments. 089

Repeat time. Consistent with prior findings that Veo3 [2] 090
improves with more repeats [8], we observe the same trend. 091
For object grounding, we compute IF (SD< 0.2) across re- 092
peated runs and deem a case successful if any repeat suc- 093
ceeds. As shown in Fig. 2, increasing the number of repeats 094
from 1 to 5 raises IF (SD< 0.2), indicating that repeated 095
sampling substantially boosts performance. 096

CFG strength. We investigate the impact of different CFG 097
scales in Fig. 3. While a weight of 1 (no CFG) yields subop- 098
timal results, performance improves significantly once the 099
scale reaches a sufficient level (e.g., 3) and remains robust 100
across a wide range (e.g., 3–7). This suggests that the use of 101
CFG itself is more critical than fine-tuning the exact weight. 102

Non-continuous context sampling. We investigate the 103
effectiveness of non-continuous context sampling during 104
training, as shown in Table 1. Our results demonstrate that 105
non-continuous sampling significantly improves geometric 106
consistency with the context and achieves highly faithful 107
grounding. We hypothesize that this improvement stems 108
from the model developing a more robust spatial under- 109
standing through such diverse and non-continuous context 110
modeling. 111
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Random zero camera pose. Existing camera control meth-112
ods typically normalize the camera pose of the first frame to113
zero during both training and inference. We find that, par-114
ticularly with limited datasets, fixing the first frame to the115
origin restricts spatial exploration, thereby limiting general-116
ization in complex scenarios such as 360◦ rotations. To ad-117
dress this, we propose randomly selecting a reference frame118
to serve as the zero pose, which effectively alleviates this is-119
sue and improves generalization.120
Computational analysis. Although our model processes121
relatively long contexts (default 337 frames) and generates122
extended sequences (default 181 frames), we maintain com-123
putational costs within an acceptable range. Inference re-124
quires approximately 34GB of VRAM and takes 2 minutes125
on a single A100 GPU using CFG and 50 denoising steps,126
without optimizations such as VAE slicing, tiling, or dy-127
namic model loading [11]. This efficiency stems primar-128
ily from two factors: (1) the use of a moderate resolution129
(416 × 256), which we find sufficient for high visual qual-130
ity and experimental validation; and (2) the Wan2.2 VAE,131
which achieves high spatial and temporal compression ra-132
tios while preserving visual fidelity.133
Failure cases. Our method still suffers from artifacts such134
as temporal discontinuities (Fig. 1(a)) and incorrect ground-135
ing (Fig. 1(b)) for some cases.136
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