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6. Phase I Training Data Filtering Details

This section provides the full details of the filtering pipeline
used to construct the Phase I training dataset. Our goal is
to obtain a large, diverse collection of raw Internet videos
that exhibit meaningful camera motion, sufficient aesthetic
quality, and reliable geometry estimates from VGGT [23].
Starting from an initial pool of approximately 330K crawled
videos, the final filtered dataset contains about 100K clips.
We obtain the captions of the training data from [30] and
use them as prompts during Phase I training. We describe
each filtering stage below.

6.1. Source Collection and Initial Preprocessing

We gather publicly accessible Internet videos covering a
broad range of content types, including indoor and out-
door natural scenes, human—object interactions, cinematic
B-roll, landscape footage, and casual handheld recordings.
All videos are used in full accordance with their respec-
tive licenses, which permit research activities such as model
training. We further verify that the dataset excludes all of-
fensive, violent, or otherwise inappropriate material. No
identity-specific content is intentionally collected. Each raw
video undergoes the following preprocessing steps:

e Frame extraction: Frames are uniformly re-sampled at
16 FPS.

* Resolution normalization: The longer image side is re-
sized to 720 pixels while preserving aspect ratio.

* Clip segmentation: Videos longer than 45 seconds are
divided into 8—12 second clips via shot-boundary detec-
tion using HSV-gradient and color-histogram thresholds.

e Discard rules: Clips with effective resolution below
360p, severe compression artifacts, or fewer than 81 us-
able frames are removed.

This produces roughly 330K candidate clips for further
filtering.

6.2. Camera Motion Detection with VGGT

Phase I training requires videos with visible camera mo-
tion rather than static-camera footage. For each clip, we ap-
ply VGGT [23] to estimate per-frame extrinsic parameters
{E;}L,, where E; = [Ry|T,].

Translation and Rotation Magnitudes. We compute the
frame-to-frame translation:

Ar(t) = |Tig1 — Tyll2, )

and the quaternion-based rotation:

Ag(t) = 2arccos (|{qe+1,9:)]) - (10)

We use the mean values 7 and p g as indicators of camera
motion.

Static-Camera Rejection. A clip is removed if the mo-
tion magnitudes satisfy:

pr < 0.002 and pg < 0.5°. (11)

We additionally discard clips with discontinuous, unstable,
or invalid pose predictions (e.g., quaternion flips, NaNs).
After this step, approximately 160K clips remain.

6.3. Aesthetic Quality Filtering

To ensure the model does not learn low-quality photomet-
ric statistics, we evaluate each clip using the VBench [10]
aesthetic quality predictor. For each frame:

T
1
Saesthetic = T § fVBench(It)~ (12)
t=1

We discard clips with szesheric < 0.20. Heuristic rules re-
move additional low-quality clips exhibiting excessive com-
pression, over/underexposure, or artificial slideshow-like
pan-zoom effects. This step removes approximately 60K
clips.

6.4. Filtering Summary

Stage Videos Reduction
Raw crawled videos 330,421 -

Motion filtering 160,002 —52%
Aesthetic filtering 100,021 —38%

Table 3. Phase I training data filtering summary.

Table 3 summarizes the filtering pipeline. The final
Phase I dataset thus offers stable and meaningful camera
motion and high aesthetic quality, providing a strong foun-
dation for learning robust and generalizable camera control.

7. HoIHQ Benchmark Collection

This section provides details of how we construct the
HoIHQ benchmark used in Phase II training and all eval-
uations involving human—object interactions (Hol) and



high-fidelity indoor scenes. The goal of HolHQ is to
create a high-quality, diverse, and geometry-rich dataset
that complements CameraBench [15] and Uni3C-OOD-
Challenging [4]. All videos in HolHQ are generated us-
ing the state-of-the-art commercial video foundation model
Kling 2.5 [21], paired with carefully curated source images.
The content focuses primarily on shopping-related scenar-
ios with high commercial value. No real identity-specific
content is included. Below, we describe each component in
detail.

7.1. Source Image Collection

Our pipeline starts with constructing a diverse image cor-
pus emphasizing human—object interactions (Hol) and in-
door settings. All images are sourced from publicly ac-
cessible datasets and copyright-free photography reposito-
ries that permit research usage. To ensure strong geometric
cues and compatibility with controllable video generation,
we apply the following preprocessing and filtering steps:

* Resolution requirement: Images must have a minimum
longer-side resolution of 720 px.

* Foreground quality: The main subject (human, object,
or both) must be clearly visible, not heavily occluded, and
free of motion blur.

* Scene type diversity: Images are selected across a broad
set of categories including kitchen, living room, office,
workshop, retail stores, and studio environments.

« Safety filtering: Images containing identifiable private
individuals, minors, copyrighted characters, or sensitive
content are manually removed.

A total of 500 high-quality Hol-focused images are pre-
served after filtering.

7.2. Prompt Generation

Before generating videos, we first construct a text prompt
for each input image. Each prompt contains two compo-
nents: a content description that captures the scene seman-
tics, and a camera-movement instruction that specifies the
intended motion. Both components are generated jointly
using a Tarsier-2 [30]. We feed the image into Tarsier-2
and, through carefully designed system instructions, ask the
model to produce a prompt that (1) accurately reflects the
visual content—especially human—object interaction, (2)
includes plausible rich motion movements, (3) includes ex-
plicit, large-scale camera-movement directives. This design
encourages the model to learn strong and diverse camera
motions in the resulting training videos. Here we provide
some sample prompts used to generate videos:
¢ Sample Prompt 1. Camera: wide orbit left with extreme
dolly out. Outdoors, captured in a medium shot, a woman
stands near the ocean, holding a phone with a stylish case
in her hand. The background features soft waves and a
cloudy sky, creating a serene coastal vibe. She gently

raises the phone to eye level, showcasing the case’s de-
sign while maintaining a natural and relaxed posture. The
overall atmosphere is calm and breezy, complementing
the coastal setting.

* Sample Prompt 2. Camera: wide orbit right with ex-
treme dolly in. Outdoors, captured in a bright, sunny
medium shot, a woman sits poolside holding a sunscreen
spray bottle. She gently sprays the product onto her leg
and spreads it evenly, highlighting the ease of applica-
tion and smooth texture. The scene conveys a carefree,
summery mood, enhanced by the sparkling pool in the
background.

e Sample Prompt 3. Camera: extreme dolly out with
sweeping pan left. Indoors, captured in a medium shot, a
child wearing a bright yellow sweater sits at a table with a
glass of chocolate drink in front of them. The child picks
up the glass with both hands and takes a sip, emphasizing
the drink’s creamy texture. The vibrant blue background
and cheerful setting reinforce a playful and inviting atmo-
sphere.

7.3. Video Generation Using Kling 2.5 [21]

For each source image and each prompt with camera, we

generate a 5-second video using the Kling 2.5 video gener-

ation model. Kling 2.5 is chosen due to its strong scene

coherence, high-resolution synthesis, and stable handling

of indoor scenes. Each video cost about five US dollars.

The generation protocol is standardized to maintain repro-

ducibility:

* Input: See Section 7.1.

* Prompt: See Section 7.2.

* Model Settings: 16 FPS, 5-second duration, default
Kling sampling schedule.

We generated a dataset of 500 videos. The dataset is
randomly split into two parts, where 100 videos are left for
evaluation, while the remaining videos are used for training.

8. Quantitative Comparison against VACE

To evaluate the extensibility of CETCAM beyond cam-
era control, we conduct a detailed quantitative comparison
against the unified controllable video generation framework
VACE [11]. We benchmark both methods across four rep-
resentative controllable-generation tasks: inpainting, gray-
to-color, scribble-to-video, and reference-image condition-
ing. Source videos, prompts and videos are from the VACE
benchmark. For each task, we report VBench scores (over-
all, consistency, aesthetic quality, imaging quality, tempo-
ral stability, and motion smoothness), 3D camera metrics
(ATE/RPE/RRE), and two-part human evaluation: Human-
Gen for overall perceptual quality and Human-Cam for per-
ceived camera-following accuracy and smoothness. When
grading Human-Cam, human participants are given a de-



Method ‘ Overall Subject Background Aesthetic Imaging Temporal Motion ‘ ATE| RPE| RRE] ‘ Human-Gen? Human-Cam?
Task: Inpainting
VACE [11] 84.91 89.34 92.17 61.42 71.33 98.14 97.28 | 3912 1942 14.21 91.2 12.3
CETCAM (Ours) | 86.73 91.26 93.51 59.31 73.28 97.93 9941 | 0.812 0.301 3.674 92.8 89.6
Task: Gray-to-Color

VACE [11] 85.77 90.54 92.83 60.74 70.08 97.56 96.95 | 3.504 1.721 12.92 92.0 10.7

CETCAM (Ours) | 86.12 91.04 93.08 58.91 72.74 97.85 99.44 | 0.793 0.286 3.622 91.9 90.4
Task: Scribble-to-Video

VACE [11] 84.62 89.03 91.04 57.64 69.08 97.61 96.22 | 4221 2.104 15.01 90.7 11.8

CETCAM (Ours) | 85.57 90.52 92.64 57.83 71.30 97.44 99.10 | 0.864 0.319 3.811 914 88.7
Task: Reference Image

VACE [11] 86.92 91.71 94.33 61.12 71.21 97.86 97.44 | 3712 1.863 14.83 93.1 13.9

CETCAM (Ours) | 87.24 92.81 93.57 58.62 76.02 98.06 99.58 | 0.768 0.259 3.414 934 92.7

Table 4. Extensibility comparison between VACE and CET CAM across four compositional control tasks. VACE achieves competitive
or even stronger VBench scores in a few dimensions (e.g., aesthetic quality, temporal stability, or background consistency). However, VACE
completely fails at camera-following, resulting in extremely poor pose metrics and Human-Cam scores. CETCAM maintains competitive
generation quality while delivering accurate and smooth 3D-consistent camera control across all tasks.

scription of the input camera trajectory. Other settings are
same as specified before in Section 4.3.

Table 4 shows that VACE achieves competitive—and
occasionally higher—VBench scores on appearance-centric
metrics such as aesthetic quality, temporal stability, or
background consistency. This reflects its strong underly-
ing video diffusion backbone and its ability to perform
high-quality appearance editing under various conditioning
modalities. However, VACE fundamentally lacks camera-
following capability. Since its architecture does not incor-
porate explicit geometry grounding or pose-dependent con-
ditioning, VACE produces videos that visually resemble the
controlled input but do not track the prescribed camera tra-
jectory. This results in extremely poor pose accuracy across
all tasks, with ATE, RPE, and RRE one to two orders of
magnitude worse than CETCAM. The Human-Cam eval-
uation confirms this failure: participants consistently rated
VACE’s camera adherence as very low (~10-14), often re-
porting “static-camera” or “incorrect motion” artifacts. In
contrast, CETCAM maintains strong and consistent per-
formance across both appearance and geometry domains.
Overall, CETCAM offers the best of both worlds: compet-
itive generation quality and reliable camera-following be-
havior. Meanwhile, VACE remains effective as a general-
purpose controllable generator but is fundamentally unsuit-
able for camera-based control due to its absence of 3D-
consistent mechanisms.

9. Model Parallelization Details.

To save GPU memory, we implement two essential strate-
gies: Fully Sharded Data Parallel (FSDP) [33] and Se-
quence Parallelism (SP) [14]. These two techniques are ap-
plied on the base Wan DiT blocks, not on the CETCAM
Context Blocks or VACE Context Blocks. FSDP [33] par-

titions model parameters, gradients, and optimizer states
across multiple GPUs, substantially reducing per-device
memory usage while preserving scalability. We enable
mixed precision with bf16 computation to further re-
duce activation memory. SP [14] further distributes long
sequence computations among devices, allowing efficient
handling of large spatiotemporal token sequences during
training. We use a SP size of two during our training.
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