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Fig.1: We propose OmniCamera, a unified framework that conceptually decouples
video generation into two independent control dimensions: camera pose and scene con-
tent. It seamlessly integrates three camera conditions (text, 3D trajectory, and motion
reference video) with three content conditions (text prompt, image, and source video).

Abstract. Video fundamentally intertwines two crucial axes: the dy-
namic content of a scene and the camera motion through which it is ob-
served. However, existing generation models often entangle these factors,
limiting independent control. In this work, we introduce OmniCamera, a
unified framework designed to explicitly disentangle and command these
two dimensions. This compositional approach enables flexible video gen-
eration by allowing arbitrary pairings of camera and content conditions,
unlocking unprecedented creative control. To overcome the fundamen-
tal challenges of modality conflict and data scarcity inherent in such a
system, we present two key innovations. First, we construct OmniCAM,
a novel hybrid dataset combining curated real-world videos with syn-
thetic data that provides diverse paired examples for robust multi-task
learning. Second, we propose a Dual-level Curriculum Co-Training strat-
egy that mitigates modality interference and synergistically learns from
diverse data sources. This strategy operates on two levels: first, it pro-
gressively introduces control modalities by difficulties (condition-level),

* Work done during an internship at Tencent Hunyuan.
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and second, trains for precise control on synthetic data before adapt-
ing to real data for photorealism (data-level). As a result, OmniCamera
achieves state-of-the-art performance, enabling flexible control for com-
plex camera movements while maintaining superior visual quality.

1 Introduction

Fundamentally, every video is the physical projection of real-world scene content
observed through continuous camera poses in 3D space. Driven by this universal
mechanism, we propose to conceptually decouple video generation into two in-
dependent control dimensions: scene content and camera pose. While simulating
realistic cinematographic operations is crucial for professional applications, cur-
rent approaches typically restrict control to a single modality or focus on narrow
tasks as shown in Table. |1} For instance, existing methods separately utilize tex-
tual descriptions |13l[15[31], 3D trajectories [1,/2,/16,/22], or reference videos [26]
for camera motion. They often struggle with the inherent limitations of each
modality (e.g., text is too coarse, trajectories are hard to acquire) and fail to
support the free combination of diverse content sources and camera conditions.

To address these limitations and theoretically encompass all conceivable
forms of video generation, we introduce OmniCamera, a unified framework that
seamlessly integrates these independent conditions. Specifically, as shown in
Fig. [I] the camera conditions involve textual descriptions, explicit trajectory
matrices, or reference motion videos, and content conditions can be provided
by text prompts, images, or source videos. This framework offers three significant
advantages. Firstly, our synergistic co-training strategy leverages the comple-
mentary strengths of diverse data sources. It learns precise camera control from
the accurate geometry of synthetic data (e.g., UE5), while simultaneously learn-
ing photorealism from real-world videos. Secondly, as illustrated in Fig. 2] by
flexibly combining multiple camera conditions, users can synthesize arbitrarily
complex and nuanced camera movements. Thirdly, our model achieves remark-
able parameter efficiency by employing a single set of weights to handle all nine
distinct combinations, eliminating the need for specialized models.

Creating a system capable of unified multi-modal camera control is fraught
with challenges, foremost among them being the inherent conflict between differ-
ent control modalities. A naive joint training approach, which simply mixes data
from various conditions (e.g., text, reference videos, trajectories), often leads to
mutual interference. Besides, there is a profound scarcity of real-world data that
simultaneously offers high visual quality and precise camera annotations, making
it difficult to train a model that excels in both aspects.

To address these challenges, we present OmniCAM, the first hybrid dataset
for camera control, comprising both real-world and synthetic videos and pro-
viding diverse types of paired data to facilitate multitask learning. As shown in
Tab. 2l OmniCAM is the largest among publicly available datasets and uniquely
supports multi-condition training across camera and content dimensions. The
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Fig. 2: Compositional camera control with multi-modal conditions. Omni-
Camera enables flexible combinations of multiple conditioning inputs, such as overlay-
ing text-guided camera motion on top of trajectory or reference-video control, efficiently
extending and diversifying camera motion effects.

real-world portion of the dataset is meticulously curated through a compre-
hensive pipeline—including trajectory estimation, filtering, classification, and
matching—to select high-quality video pairs with reliable camera trajectories.

To leverage the unique structure of this dataset, we further propose a dual-
level curriculum co-training strategy. Condition-level curriculum. We introduce
conditioning modalities in three stages of increasing difficulty. We begin with
text-conditioning, the least difficult task, as it closely aligns with the base model’s
generation ability. Subsequently, we progressively incorporate the more chal-
lenging modalities: first, reference-video conditioning, and finally, the most de-
manding task, trajectory conditioning. This staged approach allows the model to
gradually adapt from familiar semantic guidance to complex geometric control.
Data-level curriculum. We devise a two-substage training process to combine
the strengths of diverse data sources. First, extensive training on large-scale
synthetic data (UE5) establishes precise camera control. This is followed by a
brief fine-tuning on a small set of real videos to restore photorealism. This short
adaptation rapidly leverages the model’s inherent visual priors, correcting the
realism gap from synthetic data without causing catastrophic forgetting of the
learned motion control. Furthermore, we alleviate modality conflicts using Con-
dition RoPE, which explicitly encodes and separates conditioning inputs.

In summary, our contributions are:

— We propose OmniCamera, the first unified video generation model that
seamlessly integrates three camera conditions (text, trajectory, reference
video) with three content conditions (text, image, video). This framework
enables arbitrary condition combinations with high parameter efficiency.

— We curate the OmniCAM dataset, a hybrid dataset combining high-precision
synthetic camera trajectories with diverse real-world videos, providing robust
multi-level supervision for generalized camera control.

— We introduce a Dual-level Curriculum Co-Training strategy, compris-
ing a Condition-level Curriculum to avoid modality conflicts and a Data-level
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Table 1: Method comparison. Table 2: Comparison of camera-controllable
OmniCamera decouples video gen- datasets. OmniCAM is the only dataset provid-
eration into independent content ing comprehensive data types for both synthetic
conditions and camera conditions, and real-world scenarios. SS: Same-Scene, Diverse-
enabling arbitrary combinations.  Trajectory; ST: Same-Trajectory, Diverse-Scene.

Method Content Camera Dataset Data Types Preference

Text Image Video|Text Traj. Video Text Traj. SS-Data ST-Data Triplet|# Videos Resolution
CameraCtrl |17 v v X x v X SynCamMaster |3| % v v X 3 34K 1280x 1280
AC3D |1 v X x X v X 5 ReCamMaster |2| X v v X X 136K 1280x1280
RealCam [22 x v X x v X @ |CamCloneMaster |26]| x  x X v v 391K 1008 %576
FloVD |20 X v X X v X Ours (UE5) v v v v 500K 1280 x1280
CamCloneMaster |26]| x v ' X X ' RealEstate-10K 40; X v X X X 10K 1280 %720
ReCamMaster |2 X X ' X v X DL3DV-10K |24] X v X X x 10.5K 3840 %2160
UNIC 36 X X v X v X E ScanNet [10] X v X X X 1513 1296 x 968
OmniVCus |8 X X v X v X | Matterport3D |9 X v X X X 90 12801024
Wan-Fun-Camera [31}] x v/ x | v x  x ARKitScenes |4 x Vv X X X 1661 1920 x 1440
Ours v 7 v Iiv v v Ours (Real) v 7 v v v 330K 3840x2160

Curriculum to bridge the domain gap between synthetic and real data, en-
suring stable and effective multimodal learning.

Comprehensive quantitative and qualitative experiments demonstrate that
our approach surpasses models trained under single-task or single-condition
settings, highlighting the effectiveness of the proposed unified framework for
camera-controlled video generation.

2 Related Works

Video Generation. Recent advances in video generation have led to rapid
progress, with numerous studies focusing on text-to-video (T2V) [6L[7}|{13}[18}[27]
31] and image-to-video (I12V) [13,/31}32|35] generation. Inspired by the success
of powerful image generation models such as Stable Diffusion [11] and Flux [21],
recent methods have widely adopted Diffusion Transformers (DiT) [28] and flow
matching [25] architectures for video generation. Modern approaches increasingly
aim to unify text and image conditioning within a single framework. For example,
Wan 2.2 [31] introduces a TI2V model that replaces the first-frame latent with
image embeddings for 12V tasks, while Seedance [13] jointly trains T2V and
12V models and integrates video-specific RLHF with multi-dimensional reward
mechanisms to enhance quality.

Camera-controlled Video Generation. Existing methods incorporate var-
ious camera motion control conditions into T2V and I2V models, including
textual descriptions [1531], 3D trajectories |1,/1,/16,/17,/20,/22|, and reference
videos [26]. CameraCtrl [16] trains a camera adaptor integrated with T2V and
12V models to inject trajectory-based camera motion, while AC3D |[1] explores
camera motion representations within diffusion transformers to achieve control-
lable generation. Several studies [12}19,20,/22,29,/33,/38| further leverage expert
models such as depth [29,/34] and optical flow [20] networks to provide geometric
priors via point clouds or motion fields. However, the effectiveness of motion
control remains bounded by the precision of expert models and the overhead of
computing explicit geometric information.

Camera-controlled Video-to-Video Generation. Camera-controllable V2V
generation aims to synthesize a new video by combining the visual content of
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Fig. 3: Pipeline of OmniCamera. Left: Diffusion Transformer with decoupled con-
dition injection: text and reference video tokens are concatenated for self-attention;
trajectory features are added to the noise latent. Right: Condition RoPE explicitly
disentangles modalities using unique positional encodings.

a given video with a novel camera motion hint . Early

studies explored this task using Kubric-simulated data or by leveraging
additional geometric cues such as 3D point tracking . Recent works, such as
ReCamMaster , directly take a content video and a new trajectory as inputs
to re-generate videos by training T2V models on carefully curated datasets.
CamCloneMaster further extends this idea by introducing a video re-shot
model capable of guiding both 12V and V2V generation with video hints.

3 Method

Fig. [3] provides an overview of our OmniCamera framework. We begin by out-
lining the preliminaries in Sec. [3:I] Our method is then presented through four
key components: Dataset Design (Sec., Model Architecture (Sec.7 Multi-
condition Co-Training (Sec. [3.4), and Multi-task Inference (Sec.[3.5)).

3.1 Preliminary

We first introduce the fundamental concept of Flow Matching [25], which has
been widely adopted in recent video generation models . Flow Matching for-
mulates generative modeling as learning a continuous velocity field that trans-
ports a simple prior distribution (e.g., Gaussian) to the target data distribution.
Given a data sample 2y ~ pdata and a noise sample 1 ~ Pprior, Flow Matching
constructs a linear interpolant:

= (1 —t)xo +tx1, te€][0,1]. (1)
The corresponding target velocity field is defined as:
ug(z¢) = 1 — 0, (2)

which is independent of timestep ¢ but conditioned on the pair (xg,z1). The
training objective is to optimize a neural network vg(xs,t) to approximate this
conditional velocity field, thereby recovering the probability flow between the
prior and data distributions.
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3.2 Dataset Design

Training our unified model requires diverse supervision signals: single videos with
trajectories or textual motion annotations, same-scene video pairs with different
camera motions, cross-scene pairs with matched motions, and video triplets. We
construct the OmniCAM dataset, a hybrid dataset from synthetic and real-
world sources, as illustrated in Fig. [

Synthetic Data. We define a library of approximately 50 camera-motion types
(20 basic and 30 complex), each associated with a detailed textual description,
and synthesize corresponding videos in UE5 following [2}/26]. As shown in the
left of Fig. [ the synthetic dataset is categorized into three distinct subsets:

(1) Same-Scene, Diverse-Trajectory Data: Within a fixed Scene 1, we
first establish a set of camera movement rules to automatically batch-generate
diverse camera trajectories. We then simulate a simultaneous shooting process
by positioning multiple cameras that face the subjects and move along these pre-
defined trajectories. This allows us to render datasets with synchronized cameras
capturing objects from varying perspectives.

(2) Same-Trajectory, Diverse-Scene Data: We place random subjects
performing arbitrary actions in Scene 1 and Scene 2. We then render these
scenarios by applying identical camera trajectories across these scenes, ensuring
consistent camera motion patterns.

(3) Motion-Content-Target Triplets: We construct training triplets de-
noted by {zm, 24, 20}, where zo represents the target video, which shares identi-
cal camera motion with the motion video z,, (derived from the same-trajectory,
diverse-scene subset) and shares identical content with the content video zq (de-
rived from the same-scene, diverse-trajectory subset).

In total, we sample 250K distinct camera trajectories (5K trajectories for
each of the 50 predefined motion categories) to render 500K independent video
clips with accurate pose annotations. By combining these clips, we construct
500K same-scene diverse-trajectory pairs, 500K same-trajectory diverse-scene
pairs, and 500K motion-content-target triplets, thereby providing massive and
diverse paired supervision.

Real-World Data. In addition to synthetic data, we curate a real-world dataset
through a rigorous pipeline. As illustrated in the right of Fig. [d] our data pro-
cessing pipeline comprises four key steps:

(1) Trajectory Estimation: We utilize MegaSaM [23] to extract camera tra-
jectories, followed by camera parameter calibration from CameraCtrl2 [17].

(2) Trajectory Filtering: Since raw trajectories extracted by MegaSaM often
contain significant noise, we filter them based on trajectory smoothness. Let c;

denote the camera position at frame i (where ¢ € {1,..., N} for a video of N
frames) and d; = ||c;+1 — ¢;||2 the frame-to-frame displacement. We compute:
max; di L
Fomp = X0 o B 3
jump d comp HCN_C1H2+€ ( )

where d = Zf\;_ll d; and L = Zfi_ll d;. We apply two criteria: (i) jump
filtering, discarding trajectories with 7jump > Tjump; and (ii) complezity filtering,
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Fig.4: OmniCAM dataset construction. Left: UE5 synthetic videos provide ac-
curate camera poses to build paired and triplet supervision. Right: real videos are
processed via trajectory estimation, trajectory filtering, trajectory classification, and
intra-class matching to obtain reliable trajectories and cross-scene motion pairs.

discarding trajectories with 7comp > Tcomp, Which indicates overly tortuous or
jittery motion. Here, Tjump and Tcomp are preset thresholds, and € is a small
constant for numerical stability.

(3) Trajectory Classification: We categorize the filtered trajectories into 50
predefined camera motion patterns based on similarity. For each video, we com-
pute the trajectory similarity with all 50 predefined templates based on transla-
tion error (TransErr) and rotation error (RotErr) [16], and assign it to the class
yielding the minimum error.

(4) Intra-class Matching: Within each class, we perform random pairwise
matching of trajectories. We compute the TransErr and RotErr between two
candidate trajectories and consider them as a valid match only if both errors
are below strict predefined thresholds. This process yields real-world data pairs
characterized by identical trajectories but diverse scenes.

Through this progressive pipeline, we obtain data at three levels of annota-
tion: 380K videos with reliable trajectory annotations from Step (2), a total of
380K videos augmented with categorical motion descriptions from Step (3), and
300K Same-Trajectory, Diverse-Scene real-video pairs identified from Step (4).

3.3 Model Design

To avoid modality conflicts, we adopt a decoupled condition-injection strategy, as
shown in the left of Fig. [3} textual prompts and visual conditions (content latent
zq and camera-motion latent z,,) are unified as sequence-level representations to
interact with the noise latent z; during joint attention; concurrently, trajectory
parameters are processed via an MLP before being passed into DiT blocks.

3D Condition RoPE. As illustrated in the right of Fig. to resolve the
spatial-temporal ambiguity caused by sequence concatenation, we propose a 3D
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Stage | Stage I1 Stage I11
Text-controlled T2V, 12V, V2V training Ref. Video-controlled T2V, 12V, V2V training Trajectory-controlled T2V, 12V, V2V training
a
s ( o
& =
Text V2V Substage 1 £ Substage2 Substage 1 5 7 Substage z'
= M o’ W' S
I Text-labeled Real-World Data Il Motion-Content-Target Triplets M Same-Traj., Diverse-Scene (Real) Bl Videos with poses (Real)
I Same-Scene, Diverse-Traj. Same-Traj., Diverse-Scene (Synthetic) Videos with poses (Synthetic)

Fig. 5: Dual-level curriculum data composition. Condition-level curriculum pro-
gresses from text control (Stage I) to reference-video control (Stage II) to trajectory
control (Stage I1I), following a coarse-to-fine and easy-to-hard order. In Stage II and
Stage III, data-level curriculum first trains on synthetic data with precise trajectories
(Substage 1), then fine-tunes on real-world videos to recover photorealism (Substage 2).

Condition RoPE. For an original token coordinate (f,h,w) denoting the frame,
height, and width index, we assign distinct spatial-temporal base offsets for each
modality: (0,0, 0) for z;, (F,0,0) for z4, and (F, H, W) for z,,, where F, H, W rep-
resent the total frames, height, and width dimensions of the noise latent z;. The
positional codes are then computed on these shifted coordinates, with frequencies
freq, = ~2/P where D is the channel dimension of the token embeddings and 6
is the base constant. This explicitly distinguishes identical coordinate structures,
seamlessly integrating multiple conditions within our unified framework.

3.4 Dual-level Curriculum Co-Training

Simultaneously training 9 different generation combinations (3 camera-control
modalities X 3 generative tasks) introduces severe representation conflicts and
optimization instability. Naively mixing all data and conditions from scratch
leads to degraded camera controllability and deteriorated visual quality. To ad-
dress this, we propose a Dual-level Curriculum Co-Training strategy op-
erating along two complementary axes: a task-level curriculum to align multi-
modal conditions progressively, and a data-level curriculum to balance camera
controllability and visual realism.

Condition-level Curriculum. As shown in Fig[5] we design a three-stage cur-
riculum that evolves from coarse-to-fine granularity and easy-to-hard difficulty.
In Stage I, we focus on text-based conditioning (across T2V, 12V, and V2V
tasks). This acts as semantic guidance with the coarsest control granularity.
Since it aligns closely with the base model’s inherent capabilities, this stage
serves as the foundational and easiest learning step. In Stage II, we incorpo-
rate reference-video control. Operating at a relatively coarse granularity, this
stage employs in-context learning to transfer coarse global camera motion from
a reference video to the target. This introduces a higher level of learning dif-
ficulty compared to pure text guidance. In Stage III, we introduce camera
trajectory control, which demands the finest granularity and precise geometric
control. Consequently, this is the most challenging modality. By adhering to this
coarse-to-fine and easy-to-hard progression, we effectively prevent optimization
collapse and achieve reliable multi-condition control.
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Data-level Curriculum. High-quality multi-condition training faces a severe
data dilemma: simulated data (e.g., UE5) provides perfectly accurate trajecto-
ries but suffers from a significant domain gap compared to real-world videos;
conversely, real-world data possesses high visual realism but yields noisy trajec-
tory estimates via Structure-from-Motion (SfM). To integrate the advantages of
diverse data sources, we develop a two-substage data curriculum applied in the
later conditioning stages (Stage II and Stage III). In Substage 1, we utilize
a large scale of UES data paired with precise trajectories to significantly boost
camera motion accuracy. In Substage 2, we employ a curated set of high-quality
real videos with reliable trajectory estimates to restore the model’s capability in
generating photorealistic content.

3.5 Multi-task Inference

We employ a dual-condition classifier-free guidance strategy. The model relies on
text Cp for semantic control and multimodal inputs C); for camera motion. To
enable flexible controllability, we randomly drop conditions during training with
a probability of 5% for C); only, 5% for C'r only, and 5% for both simultaneously.
At the inference stage, this allows us to utilize separate guidance scales, wr and
wpr, to independently adjust the influence of text and motion guidance. The
modified score estimate is as follows:

€9 (zt,cr,em) = €9 (24,0, 0)
+ wr (69 (zt7 cr, ¢) — €9 (Zt7 (b’ QS)) (4)

+wnm (69 (Zt,CT, CM) — €9 (Zt, Ccr, éf’))

Here, cps € {Trajectory, Ref-Video} acts as a polymorphic camera condition.

4 Experiments

4.1 Implementation Details

We build upon the 5B-parameter Wan2.2-TI2V architecture, utilizing its VAE
for 704 x 1248 video generation. During training, we exclusively optimize the self-
attention, cross-attention, and camera embedding modules. We train the model
on 32 H100 GPUs for 60K steps with a batch size of 32, using the AdamW opti-
mizer (initial learning rate 7 x 10~° decaying to 5 x 10~° via a cosine schedule).
Evaluation. We have constructed a comprehensive evaluation dataset that com-
prises 36 camera-motion text commands, 36 camera trajectories, and 36 reference
videos. For each task, we assess the camera-control performance on 800 generated
videos. The evaluation metrics include CLIP-T, CLIP-F, Rotation Error, Trans-
lation Error, FVD or FVD-V, as well as motion accuracy. Detailed calculations
for these metrics can be found in the Supplementary Material.

4.2 Text Condition

As shown in Fig. [6] text-controlled generation provides semantic-level camera
guidance by prepending motion instructions to the input caption. As shown



10 Y. Wang et al.

ion: i + 3 " N : .
o% B8 [Camera Motion A.rc trajectory rlght. while panning teft] Capt,onv A f8) [Camera Motion: Roll Counterclockwise] + Caption: The video captures a
Q5 snowboarder descending a snowy slope in a mountainous area. The individual o P N N
o F . . . . . . serene scene at Jokulsarlon glacier lagoon in Iceland.
= is dressed in dark winter gear, and is aturn ontheir
° — —r— - = - — —r——
N z P e

= e =
XE. R SR N £ N
F3 =

=)

[Camera Motion: Orbiting Left] + Caption: A red rally car with visible sponsor fe][Camera Motion: Truck Left] + Caption: A brown bear in an enclosed zoo or

o decals is driving aggressively around a corner, kicking up tire marks on the wildlife sanctuary setting. The bear is walking slowly across a rocky terrain with
j%,' & asphalt. The background features a mix of spectators behind barriers, event scattered boulders and patches of dirt. The background features a stone wall and
> tents, and other parked vehicles, indicating an organized racing event. more rocks, creating a naturalistic habitat.
2 3 - - .
&E
S5k

2
53

)

g

2

-

8

5

2

@

Suzuki Jimny driving along a winding mountain road surrounded by lush greene

N o i N
Caption: A skateboarder performing a trick at a skate park. and towering mountains.

[ [Camera Motion B 4 tilt down] ] [@ [Camera Motion: Tilt up and dolly in] + Caption: The video captures a silver ]
. ry

Video to video
Text

Generated

Fig. 6: Qualitative results for text-controlled camera motion.

Table 3: Quantitative results of Text- Table 4: Quantitative results of
controlled camera motion on T2V, 12V Trajectory-controlled camera mo-
and V2V tasks. tion on the tasks (CLIP-T for T2V/I2V,
CLIP-V for V2V).

Task‘Method ‘ FVD, CLIP-Ft CLIP-Tt MotionAcct
AnimateDiff [15]  [1471.28 9639 25.04 19.3% Task|Method | FVD{ RotErr| TransErr| CLIP(T/V)t

oy |Wan21-T2V BI] - |899.21 9854 2775 28.9% = - - —
Wan2 2-TI2V 867.27 08.92 2806  31.4% CameraCtrl [16] [1365.90 0.126  8.160 23.43
Ours 88411 98.94 29.06 92.4% T2V AC3D 958.62  0.056  7.542 30.01

Ours 893.95 0.034 2.064 29.64

Wan2.1-12V 345.69 98.27  29.95 27.5% -

12V |Wan2.2-TI2 285.52 99.05 3030  303% 1oy |CameraCul [16] ‘586-14 0048 3.798 27.04
Wan2.2-Fun-Camera| 314.63  99.02  30.08 68.8% Ours 333.54 0.043  3.355 30.40
Ours 308.83 99.05 3029  91.3% vav R,eCamMaster 366.82 0.048  5.320 94.10

V2V|Ours [430.71 99.02 30.17  89.7% Ours 331.36 0.045  5.933 94.97

in Tab. [3] foundational video models (e.g., AnimateDiff and Wan2.2 [31])
struggle to execute specific camera commands. Even the specialized Wan2.2-
Fun-Camera model can only perform simple camera movements (e.g., pan and
tilt) with suboptimal precision. As further visualized in Fig. EI, Wan2.2-Fun-
Camera also suffers from severe content hallucination and structural artifacts
(e.g., semantic confusion in animals and static volcanic smoke). In comparison,
OmniCamera supports complex 3D spatial movements and outperforms all base-
lines in motion accuracy by a large margin while maintaining competitive visual
fidelity. Additionally, OmniCamera uniquely enables text-guided camera motion
editing on existing videos (V2V), a capability under-explored in prior models.

4.3 Reference-Video Condition

As shown in Fig. [7] and Tab. 5} OmniCamera achieves accurate reference-video-
controlled camera motion across T2V, 12V, and V2V tasks. Compared with
CamCloneMaster [26] (Fig. E[), OmniCamera yields significantly more accurate
camera motion, superior content preservation, and fewer visual artifacts. This
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Table 5: Quantitative results of Reference-video-controlled camera motion on
T2V, 12V, and V2V tasks. “-” means methods fail to accomplish task.

| \ T2V \ 2V \ Vav
Methods

‘ FVD/| RotErr] TransErr| CLIP T‘ FVDJ| RotErr] TransErr| CLIP T‘FVD»Vi RotErr] TransErr| CLIP-V 1
CamCloneMaster [26]| - - - - |380.73 0.021 3.953 30.18 | 376.33  0.019  4.936  93.60
Ours |868.63 0.024  7.109 29.30 [352.76 0.023  4.195 30.45|348.51 0.019 5392  93.71

[C.ption: Agray Mini Countryman driving through a city street lined with historic buildings and parked

Caption: Ayoung girl s sitt wooden by greenery and a red
cars. The car navigates a curved road, passing by a blue directional sign and a stone monument.

structure. She is wearing a colorful floral dress and is holding a small tabby kitten close to her chest. ]

Image to video
y

Fig. 7: Qualitative results for reference-video-controlled camera motion.

strong performance is directly attributed to the proposed dual-level curriculum
training strategy and our superior data composition, which combines precise
UES5 synthetic data with diverse real-world video pairs.

4.4 Trajectory Condition

As shown in Fig. 8 and Tab. [d, OmniCamera achieves highly accurate 3D tra-
jectory control across T2V, 12V, and V2V tasks. Compared with state-of-the-art
methods such as ReCamMaster (Fig. E[)7 our approach exhibits superior mo-
tion precision with fewer visual artifacts. Benefiting from our OmniCAM dataset
and dual-level curriculum co-training, OmniCamera closely follows diverse tra-
jectories and generalizes to complex paths (e.g., triangular and polyline paths).

4.5 Combining Control Modalities and Conflict Analysis

Multiple control modalities can be combined to achieve composite camera ef-
fects. As shown in Fig. [2] distinct conditions can be seamlessly integrated; for
instance, a semantic text command (e.g., “Pan right”) can be combined with a
3D trajectory (e.g., dolly out), producing a fused motion in the generated video.
We further test potential modality conflicts by providing contradictory motions
in pairwise combinations of trajectory, reference video, and text conditions. As
shown in Fig. we observe a consistent dominance hierarchy: Trajectory >
Reference Video > Text, indicating that conditions with stronger geometric
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Text to video

Caption: Awide aerial view of a narrow seaside beach lined with rows of |( Caption: A smallflock of sheep gathered beside a tree on a quiet farm,
beachfront villas surrounded by seawater, with yachts docked in front . With two playful lambs running and playing next to a larger sheep.
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Fig. 8: Qualitative results for trajectory-controlled camera motion.

Table 6: Ablation study of Curriculum Co-Training across different tasks. CC:
condition-level curriculum, DC: data-level curriculum.

\ Trajectory-controlled \ Reference-video-controlled
Method T2V | v | vav | T2V | 2V | Vav
TransErr} RotErr| FVD] |TransErr} RotErr| FVD, |TransErr) RotErr) FVD-V||TransErr] RotErr) FVD] |TransErr} RotErr, FVD] |TransErr] RotErr) FVD-V]

w/o CC| 3.512 0.052  1024.31| 4.821 0.061 412,50 | 7.425 0.068  405.12 9.510 0.038  982.45| 5.762 0.035 410.28| 7.214 0.029  415.82
w/oDC| 2.845 0.045 965.84| 4.103 0.052 378.42| 6.512 0.055  362.75 8.324 0.031  925.61| 4.951 0.028 381.54| 6.185 0.024  382.46

Ours ‘ 2.064 0.034 593495‘ 3.355 0.043 333.54‘ 5.933  0.045 331.36‘ 7.109  0.024 868.63‘ 4.195 0.023 352.76‘ 5.392 0.019 348.51

Table 7: Ablation study of Data Composition across different tasks. UE5: UE5 syn-
thetic data, Real: real-world data.

| Trajectory-controlled | Reference-video-controlled
Method | T2V \ 12V \ T2V \ 12V
[TransErr) RotErr, FVDJ |TransErr) RotErr) FVD] |TransErr RotErr, FVDJ |TransErr) RotErr) FVD]

w/o UE5| 3.105 0.050 915.22| 4.512 0.058 350.14| 8.845 0.035  890.56 | 5.321 0.030  365.21
w/o Real| 2.152 0.036  1150.45| 3.481 0.045 485.62| 7.315 0.026 1085.24| 4.352 0.025  492.35

Ours | 2.064 0.034 893.95 3.355 0.043 333.54| 7.109 0.024 868.63| 4.195 0.023 352.76

explicitness naturally override weaker, semantic-level ones. For instance, when
the input condition combines a “pan left” trajectory with a “pan right” refer-
ence video, the output strictly follows the “pan left” camera motion dictated by
the trajectory. Similarly, when combining a “pan right” reference video with a
“pan left” text prompt, the output adheres exclusively to the “pan right” motion
dictated by the video.

4.6 Ablation Study

We perform ablation studies to analyze our dual-level curriculum, including the
condition-level curriculum (CC) and the data-level curriculum (DC), as well
as the contribution of OmniCAM’s hybrid data sources by ablating either UES
synthetic videos or curated real-world videos.

Effect of Dual-level Curriculum. Tab. [f] validates the necessity of our dual-
level curriculum. w/o CC jointly trains all tasks from scratch; this naive mixing
causes representation conflicts that fail to disentangle camera and content condi-
tions. According to the qualitative results in Fig.[11|b)(c), removing CC leads to
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Text Control

Ours _Wan-FunCamera

Ours ReCamMaster Content Ref.

CamClone-

Fig.9: Visual comparison of OmniCamera with state-of-the-art methods. Text
Control: Wan2.2-Fun-Camera produces some artifacts (e.g., the “ear” mutating into
“eye”). Trajectory Control: ReCamMaster produces severe distortions on the
“bus” and “motorcyclist”. Reference-Video Control: CamCloneMaster executes
incorrect camera motion while introducing heavy background and object distortions.

severe visual degradation, including frame deterioration (e.g., in the car scene)
and content hallucination (e.g., erroneous trees). Furthermore, according to the
qualitative results w/o DC in Fig. [L1{(a), it hinders the learning of precise pose
control, e.g., missing the “pan left” in the camel scene and “boom down, tilt up”
in the bear scene, whereas ours strictly follows the desired trajectories.

Effect of Data Composition. Tab. [7] explores the effect of data sources by
removing UE5 data (w/o0 UE5) or real data (w/o Real). We observe that UE5
data mainly contributes to camera controllability, whereas real data is crucial for
closing the domain gap and recovering photorealism. According to the qualitative
results of removing real data in Fig. d), relying solely on UES5 data (w/o Real)
results in a noticeable drop in visual realism and introduces erroneous artifacts
such as grids in red boxes. In contrast, training with both data sources seamlessly
preserves the learned camera control while yielding high-fidelity appearances.

Further ablations. Please refer to the supplementary materials for additional
ablations on 3D Condition RoPE and dual-condition CFG.



14 Y. Wang et al.

(3) Panleft Traj.  Ref. (3] PanRight PanRight  Ref. Text (3) PanRight' Traj. | Text
p db BT = - b (@) [Pan Left] a b (8 [Pan Left]

Generated Content Ref.

Fig. 10: Modality conflict analysis. Pairwise combination of contradictory camera
conditions reveals a dominance order: trajectory>reference video>text prompts.

51 &,

Boom down and tiltup

Pan Left

(b) w/o CC on Trajectory-controlled 12V

Camera Reference Video __Content Reference Video Camera Reference Video Content Reference Video
Blorwing Rignt o o e e

(c) w/o CC on Reference-video-controlled V2V

PanRignt awsh bythe banks, 5" e . ined with historic European build h rising
n and emitting thick smoke.

(d) w/o Real data on Trajectory-controlled T2V

Fig. 11: Qualitative ablation. (a) Removing DC leads to failed camera motions and
degraded visual quality. (b)(c) Omitting CC results in structural distortions in 12V
and content hallucinations in V2V (red boxes). (d) Training solely on synthetic data
ensures precise control but lacks photorealism.

5 Conclusion

This paper presents OmniCamera, a unified multi-task video generation frame-
work that supports text, trajectory, and reference-video camera control across
T2V, 12V, and V2V. We construct the OmniCAM dataset that combines high-
precision synthetic trajectories with real-world videos, and propose a dual-level
curriculum co-training strategy for stable multi-condition learning. We further
introduce 3D Condition RoPE and a dual-condition CFG to mitigate condition
conflicts and improve camera controllability. Extensive experiments demonstrate
improved controllability with competitive visual quality across tasks.
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Limitation. OmniCamera successfully explores and demonstrates the feasibility
of decoupling the observation perspective (camera) and scene content in video
generation. However, while we unify the most common representations for these
two dimensions, our current framework does not yet accommodate finer-grained
controls, such as multiple reference images or localized motion guidance. We
leave these extensions for future work.
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