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Fig. 1. Examples synthesized by CameraSquad. CameraSquad supports both single-trajectory (a) and multi-trajectory (b) generation modes. Given an input
video and several sets of target camera parameters, CameraSquad can generate precise rendering results along specified trajectories, while maintaining scene
consistency for objects across different trajectories. Leveraging existing powerful feed-forward models, we can back-project content-consistent dynamic point

clouds based on multi-view trajectories and depth estimation results.
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Camera-controlled video generation is valuable for applications ranging
from visual design to providing 2D supervision for 4D generation tasks.
However, existing approaches are limited to single-trajectory generation,
forcing users to process multiple trajectories in separate batches. This serial
inference introduces content inconsistencies across viewpoints due to the
inherent randomness of diffusion models. Explicit point cloud methods can
only partially address this problem, as single-viewpoint back-projection
suffers from sparsity and depth estimation errors. We propose CameraSquad,
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a multi-trajectory camera control framework that supports both single-
trajectory and parallel multi-trajectory generation. Our method achieves
precise camera control while preserving input video content through decou-
pled content and camera control mechanisms. To ensure viewpoint consis-
tency in multi-trajectory mode, we design a dual-mode cross-view attention
mechanism that maintains consistency across parallel trajectories while
guaranteeing camera control precision. Extensive experiments demonstrate
that CameraSquad achieves competitive performance in camera control
accuracy, consistency maintenance, and generation quality compared to
existing approaches. Our project page is available at https://rabberk.github.
io/CameraSquad/.

CCS Concepts: « Computing methodologies — Computer vision; Image-
based rendering; Computer vision tasks.
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1 Introduction

Recent advancements [Bar-Tal et al. 2024; Blattmann et al. 2023a,b;
Brooks et al. 2022; Chen et al. 2023, 2024; Guo et al. 2023; Gupta
et al. 2024; Ho et al. 2022; Li et al. 2018; Lin et al. 2025b; Ning et al.
2025; Singer et al. 2022; Villegas et al. 2022; Wang et al. 2023, 2020;
Zhou et al. 2022, 2024] in video model technology have showcased
their robust generative capabilities, opening up promising avenues
for the application of related generative techniques in film produc-
tion. However, the current landscape is largely shaped by the use
of Internet data, which has resulted in the predominance of foun-
dational models primarily optimized for text-to-video generation.
The reliance on text input or single images for video generation
presents significant challenges in meeting user expectations for
detailed and complex content. Users often seek to convey intricate
narratives or fine visual elements, yet existing models struggle to ef-
fectively realize these demands. Consequently, precise control over
generated video content is limited, which may hinder the creative
process and affect user experience. Addressing these issues is crucial
for unlocking the potential of generative video technology in the
creative industry. Building upon this premise, the exploration of
controllable generation in video models [Guo et al. 2024; Xiao et al.
2024; Xing et al. 2024; Yin et al. 2023] has emerged as a frontier
research area, focusing on integrating new control conditions into
existing backbone models.

Among these, camera-controllable approaches are particularly sig-
nificant, aiming to generate renderings that align with user-specified
camera logic, whether through descriptive text, predefined trajec-
tories [Guo et al. 2023], or detailed intrinsic and extrinsic param-
eters [Bai et al. 2025; Ren et al. 2025; Yu et al. 2025a]. Precise new
trajectory video generation not only provides valuable reference
movements for CG production but also offers a denser 2D prior for
comprehensive 4D reconstruction. However, existing methods [Bai
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et al. 2025; He et al. 2024; Ren et al. 2025; Yu et al. 2025a] often
support generation based on a single target trajectory. In practical
applications, when utilizing these techniques to provide reference
for camera effects or to guide downstream 4D generation with
2D inputs, it often becomes necessary to perform serial inference
across multiple trajectories. This approach, however, is susceptible
to inconsistencies between different viewpoints due to the inherent
randomness of video models. Such discrepancies can accumulate
and adversely affect downstream 4D reconstructions, ultimately
compromising the fidelity and coherence of the generated content.
To address the challenges of camera control methods in gener-
ating specific camera trajectories, particularly the inconsistency
between viewpoints, a more robust framework is required. In this
regard, we propose CameraSquad, a new approach that incorporates
a viewpoint attention mechanism designed to ensure consistency
among multiple perspectives, effectively mitigating the adverse ef-
fects of viewpoint inconsistencies. Our key innovation lies in inject-
ing camera control signals into DiT by utilizing the RoPE (Relative
Position Encoding) mechanism in the attention mechanism and in-
troducing two cross-view attention mechanisms, which enable the
parallel generation of multiple trajectories with consistent content.
Extensive experiments demonstrate that CameraSquad can achieve
precise camera trajectories while producing competitive novel view
rendering results compared to state-of-the-art (SOTA) methods.
Moreover, CameraSquad improves geometric consistency across dif-
ferent trajectories, providing higher-quality priors for downstream
reconstruction tasks. In summary, our contributions include:

e We propose a spatially aware camera and input video injection
method that allows for precise control of camera pose while ef-
fectively maintaining the quality of content generation.

e We propose a parallel multi-trajectory camera control scheme
that enables precise control over trajectory generation results in
a single inference process.

e We propose a dual-mode cross-view attention mechanism that
maintains content consistency of the input video while further
ensuring the accuracy of camera trajectories and geometric con-
sistency between viewpoints.

2 Related Work

Diffusion-based Novel View Generation. Leveraging 2D diffusion
models for novel view generation has advanced rapidly in recent
years. Recent studies advance novel view synthesis through video
diffusion models, incorporating various conditioning mechanisms,
including depth-warped images [Zhang et al. 2025¢] and point cloud
renderings [Yu et al. 2025b]. For static scenarios, generative novel
view synthesis has shown remarkable progress through diffusion
models. Zero-1-to-3 [Liu et al. 2023] presents diffusion models for
objects with clean backgrounds, later extended to generic scenes by
ZeroNVS [Sargent et al. 2024]. ReconFusion [Wu et al. 2024] refines
pose estimation using PixelNeRF [Yu et al. 2021] features. Some
approaches [Gao et al. 2024; Szymanowicz et al. 2025; Zhou et al.
2025] utilize diffusion models as multi-view generators conditioned
on camera parameters. These methods extend to multi-view video
generation for 4D synthesis, with multitasking designs supporting
single or multiple views with camera poses as input. Additional
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Fig. 2. Overview of CameraSquad. Given an input video and V target trajectories, CameraSquad concurrently generates multiple camera motion videos

for the specified trajectories. As illustrated in (a), CameraSquad is built upon Wan2.2 as the base video diffusion model, where the self-attention layers are
adapted into content attention, and PRoPE is employed to provide fundamental single-trajectory camera control. To ensure geometric consistency and texture

invariance across perspectives during multi-trajectory generation, CameraSquad integrates a Dual-Mode Cross-View Attention mechanism (b). This module
comprises two complementary forms of cross-view regulation: alpha-cross-view attention (CVA-«) for subject consistency and beta-cross-view attention

(CVA-p) for relative perspective accuracy.

research [Hunyuan3D et al. 2025; Liu et al. 2024; Xiang et al. 2025]
focuses on 3D object generation from images or text.

Dynamic scene synthesis induces additional complexities. NVS-
Solver [You et al. 2024] leverages pretrained models for training-free
depth-warped video inpainting, but encounters challenges with geo-
metric distortions. Several methods [Dai et al. 2024; Jing et al. 2025;
Liu et al. 2025; Wang et al. 2025; Wu et al. 2025; Yu et al. 2024] focus
on 4D representation learning, which construct spatial-temporal
models for dynamic novel view synthesis.Despite their strong ren-
dering quality, these 4D methods are designed for scene recon-
struction and view rendering, and none supports camera-controlled
generation. CameraDolly [Van Hoorick et al. 2024] adapts SVD mod-
els [Blattmann et al. 2023a] using synthetic multi-view datasets from
the Kubric simulator [Greff et al. 2022]. Some research efforts [Sun
et al. 2025; Zhang et al. 2025a] employ LoRA to fine-tune video
models for novel view synthesis; however, such methods necessi-
tate targeted LoRA adaptation for each trajectory or video, thereby
constraining their generalization capabilities and practical value.

Camera-Controlled Video Generation. Camera-guided video gen-
eration focuses on using virtual camera intrinsic and extrinsic pa-
rameters as control conditions to determine the viewpoint and po-
tential intrinsic parameters during video synthesis. This is essential
for achieving specific cinematic styles, narrative perspectives, and
dynamic visual effects, offering filmmakers and content creators
fine-grained control over how a scene is presented. Trajectory At-
tention [Patrick et al. 2021] introduces trajectory attention into
Video Transformers, achieving state-of-the-art results in video ac-
tion recognition tasks. MotionCtrl [Wang et al. 2024b] uses camera

extrinsic matrices for control, but its reliance on 1D values limits
precision in complex scenarios. CameraCtrl [He et al. 2024] also
employs Pliicker coordinates, focusing on text-to-video generation
with less emphasis on 3D consistency. CamCo [Xu et al. 2024] further
enhances 3D consistency through epipolar attention. CameraCtrl
I [He et al. 2025] enhances the representation capability of dy-
namic scenes based on its predecessor, while Direct-a-Video [Yang
et al. 2024] supports camera path guidance. Cavia [Xu et al. 2025]
enhances geometric consistency in camera control by optimizing
noise across frame interactions based on epipolar attention.
Additionally, other works [Cheong et al. 2024; Hu et al. 2024; Yang
et al. 2025] focus on addressing performance degradation issues in
camera control. ReCamMaster [Bai et al. 2025] addresses camera
trajectory control and viewpoint transformation for any video by
training on synchronized datasets from multiple cameras, further
maintaining multi-frame appearance and dynamic synchronization.
Besides, some works explore complex 3D scene understanding and
camera path generation [Bahmani et al. 2024; Ren et al. 2025; Yu
et al. 2025a,b; Zhang et al. 2025b; Zhu et al. 2025]. However, these
methods are limited to single-trajectory generation, and may re-
sult in inconsistency across multiple viewpoints when extended to
multi-trajectory generation. Several autonomous driving works like
DrivingDiffusion [Li et al. 2024], DriveDreamer-2 [Zhao et al. 2025],
and OmniNWM [Li et al. 2025a] focus on multi-view video genera-
tion, but they do not support free-trajectory movements between
shots and video-to-video generation. PlenopticDreamer [Fu et al.
2026] proposes an autoregressive, multi-in-single-out formulation
to generate synchronized hallucinations across time and viewpoints.
At each step, it retrieves a set of previously generated video—camera
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pairs from a memory bank and conditions the next generation on
these retrieved contexts.

3  Methods

Given an input video and target camera trajectories, our objective is
to produce output videos that are consistent with the scene depicted
in the input video, aligned with the designated trajectories, and main-
tain geometric coherence across different segments. CameraSquad
supports both single-trajectory inference using the Camera and
Content Attention mentioned in 3.1 and multi-trajectory inference
modes. Unlike existing camera control methods, it can simultane-
ously infer camera viewpoints for multiple trajectories through
the Dual Cross-view Attention described in 3.2. Furthermore, Cam-
eraSquad does not require additional explicit geometric constraints,
thereby avoiding the geometric inconsistencies encountered during
the serial inference process of multi-trajectory videos.

3.1 Camera and Content Attention Module

Sparse rendering results often lead to degraded texture generation in
scenarios with large viewpoints. To address this issue, some explicit
point cloud-based methods [Yu et al. 2025a] additionally incorporate
attention control mechanisms tailored to the original video. Inspired
by this, we posit that independent integration of content information
and camera trajectory data would similarly benefit implicit camera
control schemes. Thus, CameraSquad introduces separate modules
to implement attention mechanisms for the camera and the content.

As shown in Fig. 2, to safeguard the intrinsic generative capabili-
ties of the DiT model, we repurpose the original 3D Self-Attention
components as structural proxies for Content-Attention. Method-
ologically, the input video is encoded through a VAE and subse-
quently tokenized and patchified, with the input video tokens and
noised target tokens concatenated in a frame-wise manner:

[T(’“) (I+1)

content,tgt> = content,ref

] = Content-Attention( [Tt(ét), Tig] ).

Here, Tt(ég € RN*D and Tr(iz € RN*D represent the target noised
tokens and reference tokens from input video at layer [, respectively,
where N is the token count , and D is the feature dimension. The
Content-Attention operation processes these sequences to generate
the corresponding output sequences Téi;:e)nt)tgt and Tié;:e)m’ref for
the subsequent layer, enabling effective cross-reference learning
between target and reference content.

In this study, we leverage the advantages of PRoPE (Projection-
based Relative Position Encoding) [Li et al. 2025b] within the Camera-
Attention mechanism. PRoPE enhances relative position encoding
by fully utilizing the projection relationships between the view frus-
tums of two cameras, incorporating both intrinsic and extrinsic
parameters. The calculation of Camera-Attention is as follows,

Camera-Attention(T;4) = 75 (Attention (75(Q), Txo (K), Tio(V)))

=7, (Attention (7; (Po(Tigt)), Tro(Pr (Tpgt)), ‘Eu(PV(Ttgt)))) .

Here, Po(-), Px(-), and Py (-) denote learnable linear projections
used to transform the input tokens into Query, Key, and Value ma-
trices, respectively.Formally, the transformation of each component
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of attention is applied in the following manner,
7, = diag(P" ® I/, ROPE, ® I1/4, ROPE, ® I;/4) (1)
Tro = diag(P~" ® Iz/2, RoPEy ® I/4, ROPE ® I/4) )
75 = diag(P ® /5, ROPEL" ® Ig/4, RoPE,! ® Iy/4) (3)

In the PRoPE framework, the core transformation matrices are
defined by partitioning the feature dimension d into three equal
segments: the first % dimensions encode 3D geometric projections,
while the subsequent % dimensions each handle 2D positional en-
coding along the x and y axes respectively. The projection matrix P
typically corresponds to the camera intrinsic matrix and view matrix
which represents the transformation between world and camera,
and RoPE,, RoPE, denote rotary position embedding matrices for re-
spective directions. I represents the k-dimensional identity matrix,
and ® denotes the Kronecker product. To broaden the applicability
of our approach, our model is designed to work with unposed refer-
ence videos, eliminating the need for camera intrinsic and extrinsic
parameters of the original footage. Thus, during Camera-Attention
computation, we concentrate exclusively on Ty associated with
virtual cameras that have specified target trajectories:

(I+1) _ . )
Tmmemtgt = Camera-Attentlon(Tcontem’tgt),
(I+1) _ pe(I+1) I (I+1)
Ttgt - Tcontent,tgt + PrOJeCtlon(Tcamera,tgt)‘

Here, Projection(-) serves as a linear layer. To prevent the inherent
capabilities of the original video model from being compromised,
Projection(-) injects camera control capabilities into the backbone
network through zero initialization. The output from this section, af-
ter being processed with the cross attention layer, serves as the final
output of this DiT Block. To prevent overfitting during the training
process from undermining the original generative capabilities of
the video model, we freeze this set of parameters.

3.2 Dual-Mode Cross-View Attention

Once we have implemented the single-trajectory camera control
model for the aforementioned components, we achieve a multi-
trajectory parallel generation scheme by inserting a new cross-view
module. To ensure geometric consistency between perspectives, we
incorporate an inter-view attention mechanism within specific DiT
modules, enabling the model to learn patterns from various view-
points. We use two cross-view attention mechanisms to help the
model maintain consistency across multiple perspectives and pre-
serve texture invariance: the alpha-cross-view attention (CVA-«a) for
maintaining subject consistency, and the beta-cross-view attention
(CVA-p) for ensuring perspective accuracy (see Fig. 2).

We employ CVA-«a to facilitate the preservation of texture. In
this context, the reference video tokens provide the cross-attention
keys and values, while the noised latent tokens from each trajec-
tory serve as the query. We reshape all the latent tokens to ensure
mutual visibility among tokens of varying perspectives at the same
frame. In addition, we introduce CVA-f to further enhance cam-
era control capabilities through multi-view supervision. Here, we
similarly apply the Camera Attention mechanism mentioned pre-
viously as its structure, but adjust the single-track attention com-
putation along the frame to a multi-track attention computation
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Fig. 3. Qualitative comparison of single trajectory video synthesis. We compare the generation quality of CameraSquad with existing state-of-the-art
camera control methods on a single trajectory. Some results are also shown in the supplementary video.

Table 1. Quantitative comparison with state-of-the-art methods on WebVid and HumanVid Datasets.

| WebVid Dataset | HumanVid Dataset
Method
etho ‘ Camera & Geometric ‘ Visual Quality ‘ Camera & Geometric ‘ Visual Quality
|RotErr | TransErr | MPI(K) | MPO(K) T|FID | FVD | CLIP-V T|RotErr | TransErr | MPI(K) | MPO(K) T|FID | FVD | CLIP-V T
ReCamMaster 1.72 3.36 931.50 834.37 |30.41 365.53  89.02 2.35 3.91 933.12 820.15 |37.91 306.55  90.81
TrajectoryCrafter| 2.34 4.23 874.08 793.82 | 40.86 408.33  87.07 2.93 4.72 837.70 675.33 | 42.26 324.25 8747
Gen3C 1.79 3.48 814.75 631.00 | 49.08 441.77  83.64 2.49 3.80 880.79 745.23 | 52.12 446.83  88.05
Ours | 152 2.86 945.62 870.17 |27.11 374.65 88.50 1.42 3.47 946.67 849.18 [ 30.78 246.53  91.37

along the view dimension. Specifically, given the latent features of a

reference video, z,.f € RBXFXCXHXW “and the noisy target tokens,

z1gr € REXIXNXCXHXW e perform a reshape operation:

Zref : (X 1, f, B, w,¢) = (b X f,1,h,w,c), (4)
zige: (bX 0, f,h,w,c) = (bX f,0,h,w,c). (5)

The CVA is then formulated by substituting these projections into
the scaled dot-product attention equation,

Po(Tig) + Px(Trer) T
N
CVA-B(Tgt) = Camera-Attention(7ig).

CVA-a(Tref, Trgt) = softmax Py (Tref),

Here, Trer and Tyt represent the set of reference tokens and target
tokens, respectively. dj is the dimension of the key vectors, and Vdj

is used as a scaling factor to stabilize the gradients. The softmax
function is applied to compute the final attention weights.

3.3 Point Cloud Unprojection

By using the powerful generation and generalization capabilities of
existing feed-forward models, once we obtain the specified multi-
track content-consistent generation results, we can estimate the
corresponding depth based on the multi-view results and reproject
the point cloud representation of the scene.

We utilize DA3 [Lin et al. 2025a] as the downstream depth map
estimation model to effectively leverage the trajectory generation
results produced by CameraSquad. This integration facilitates the
estimation of depth from RGB videos, significantly enhancing the
consistency of point cloud estimation, particularly when explicit
camera intrinsics and extrinsics are provided. This not only produces
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Fig. 4. Qualitative comparison of multi-trajectory video synthesis. We compare the generation quality of CameraSquad with existing state-of-the-art
camera control methods on multi-trajectory synthesis.

a larger and more detailed point cloud compared to the single-layer temporal aspects, we can better represent changes in the scene over
point cloud projected from a single viewpoint, but also enables us time, leading to richer and more informative 3D reconstructions.
to capture a dynamic point cloud representation of the relevant

scene by incorporating the temporal dimension. By considering the
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Fig. 5. Visualization of 6-Traj. generation results. CameraSquad enables synchronous generation of up to 6 trajectories. We present visualization results of
CameraSquad on human and landscape videos, showing that our approach consistently produces stable outputs.

Table 2. Quantitative comparison with SOTA methods on VBench metrics.

Dataset Method AQT IQT MST BCT SCT
ReCamMaster 0.4327 0.5412 0.9816 0.9209 0.9352
WebVid TrajectoryCrafter 0.4443 0.5713 0.9772 0.9133 0.9342
Gen3C 0.3893 0.5209 0.9701 0.8923 0.9037
CameraSquad (ours) 0.4390 0.5663 0.9821 0.9218 0.9402
ReCamMaster 0.5277 0.6223 0.9836 0.9163 0.8954
HumanVid TrajectoryCrafter 0.5314 0.6790 0.9821 0.9296 0.9190
Gen3C 0.4912 0.6322 0.9797 0.8911 0.8754
CameraSquad (ours) 0.5377 0.6703 0.9891 0.9313 0.9260

4 Experiment

4.1 Experiment Settings

Implementation Details. We employ Wan2.2 5B [Wan et al. 2025]
as foundational model and conduct training on ReCamMaster [Bai
et al. 2025] and SynCamMaster [Bai et al. 2024] datasets. CVA mod-
ules are inserted into even-numbered DiT blocks with alternating
modes. Our training supports simultaneous generation of up to 6

Table 3. User study results comparing visual quality across methods.

Method | vQT scT MST TAT cC?
ReCamMaster 2.95 2.79 3.01 3.13 3.06
TrajectoryCrafter 301 301 311 330 3.10
GEN3C 2.77 2.99 3.14 3.38 3.05
CameraSquad (Ours) ‘ 3.97 4.01 403 397 3.76

trajectories. We train a single-trajectory model at a low resolution
of 256x416 with a learning rate of 1e-5 to enable the video model to
perceive camera control conditions. Subsequently, we incorporate
cross-view attention to facilitate multi-track generation, supporting
parallel generation of six views. This phase utilizes a learning rate
of 5e-6, with the two stages of the learning process comprising 8k
steps and 6k steps with a batch size of 16.

Evaluation Details. To validate the consistency of perspectives,
we randomly sampled from the WebVid [Bain et al. 2021] and Hu-
manVid [Wang et al. 2024a] datasets, selecting four trajectories for
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Fig. 6. More results of qualitative comparison of single trajectory video synthesis.

Fig. 7. Qualitative comparison of multi-view point cloud reprojection. We compare the point cloud quality of CameraSquad with existing state-of-the-art
camera control methods by reprojecting multi-view frames using DA3 estimated depth into point clouds.
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Fig. 8. Ablation study results. We validate the qualitative results under different structural designs and training strategy designs.

Table 4. Ablation study on structural design and training strategy.

Config. |RotErr | TransErr | MPI(K) 1 MPO(K) 1|FID | FVD | CLIP-V 7
Structural Design Ablations
Full model 1.42 3.47 946.67 849.18 |30.78 246.53  91.37
w/ Raymap 2.33 5.65 912.34 829.91 |31.21 301.99 90.67
w/ Parallel ins.| 2.17 3.98 877.78 834.59 |46.34 396.71  83.47
w/o CVA 1.83 3.62 881.20 811.28 |38.32 247.13  89.09
w/o CVA-f 1.77 3.68 905.26 821.20 |32.09 277.60  86.12
w/o CVA-a 2.12 4.34 923.98 822.43 [39.10 343.48 86.33
Training Strategy Ablations
Full training 1.42 3.47 946.67 849.18 |30.78 246.53  91.37
w/o Noise inj. 1.92 4.01 879.19 805.32 |51.39 330.29  83.98
w/o two strat. 1.58 3.60 937.12 845.55 |32.70 24939 90.21

quality generation for each input video, with a total of 800 videos
aggregated from each dataset. We utilize RotErr and TransErr [He
et al. 2024] to assess the precision of camera control, while em-
ploying metrics such as FVD [Unterthiner et al. 2019], FID [Heusel
et al. 2017], CLIP-V [Radford et al. 2021] to evaluate the quality
of generation. Additionally, we use Mat. Pix. [Shen et al. 2024] to
verify the pixel matching degree between input-output pairs (MPI)
and among the output perspectives (MPO), which can most intu-
itively reflect the content consistency between viewpoints and the
matching degree of the downstream reprojected point clouds.

We evaluate our method using five key VBench [Huang et al.
2024] metrics: Aesthetic Quality (AQ) measures the visual appeal and
artistic quality of generated videos, Imaging Quality (IQ) assesses
the technical quality including resolution, clarity, and visual fidelity,
Motion Smoothness (MS) evaluates the temporal consistency and
smoothness of motion between frames, Background Consistency
(BC) measures the stability and coherence of background elements
throughout the video, and Subject Consistency (SC) evaluates the
consistency of main subjects or objects.

4.2 Comparsion Results

As shown in Tab. 1, Fig. 3, Fig. 4, Fig. 5 and Fig. 6, the quantitative
evaluation results on WebVid and HumanVid datasets demonstrate
that our method achieves significant performance improvements in
camera control accuracy, geometric consistency, and visual quality.
On the WebVid dataset, our method outperforms ReCamMaster [Bai
et al. 2025], TrajectoryCrafter [Yu et al. 2025a] and Gen3C [Ren
et al. 2025] with rotation error of 1.52 and translation error of 2.86,
while achieving the competitive FID and FVD scores. On HumanVid,
our method achieves superior FID and FVD scores, substantially
outperforming all baselines while attaining the highest CLIP-V score.
VBench results in Tab. 2 show our method leads across key metrics,
comprehensively validating our approach’s advantages.

In Fig. 7, we perform depth estimation and point cloud repro-
jection using multi-view generation results with DA3 as the depth
estimator. All methods use the same adaptive confidence threshold
lower percentile of 40 (DA3’s default), filtering out points below
this confidence. This evaluates perspective consistency through re-
projected point cloud quality, discarding inconsistent pixels. Our
method demonstrates superior pixel preservation across viewpoints,
while ReCamMaster shows background region losses and Trajec-
toryCrafter/Gen3C exhibit subject region losses. This highlights
varying geometric consistency across existing methods in different
scenarios, whereas our approach achieves superior scene consis-
tency compared to contemporaries.

4.3 User Study

We conduct a user study to evaluate the visual quality of the gener-
ated videos. We employ five distinct scoring metrics: Video Quality
(VQ), Subject Consistency (SC), and Motion Smoothness (MS), which
align with the established metrics utilized in VBench. In addition to
these, we introduce two supplementary metrics, Trajectory Accu-
racy (TA) and Cross-view Consistency (CC) to assess camera control
precision and the consistency of visual representations across dif-
ferent viewpoints. For this evaluation, we recruited 29 participants
who rated 10 sample groups, with each group containing 1 input
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video and 4 paired output videos from different methods. Partici-
pants received clear metric definitions and provided ratings on a
5-point Likert scale (1-5). The evaluation outcomes are systemati-
cally presented in Table 3. The results demonstrate that our method
significantly outperforms all baseline approaches across all five
evaluation dimensions.

4.4 Ablation Study

We perform a series of ablation studies to validate the structural
design of the model and the training strategy. All ablation studies
are conducted using the HumanVid dataset. Structurally, we com-
pared the PRoPE-based camera control with that based on Raymap.
Furthermore, we explored the effects of parallel insertion of input
video tokens into each self-attention layer against sequentially in-
putting them as the output of the preceding layer. Specifically, in
our full model, the reference tokens from the previous DiT block
are concatenated sequentially with the target tokens. The parallel
insertion involves compressing the input video, and then concate-
nating it to the input of each DiT block. After processing through
the block, only the portions corresponding to the noised tokens
are retained. We evaluated the performance implications of inte-
grating cross-view attention mechanisms, comparing simultaneous
deployment with individual usage. Regarding the training strategy,
we implement noise injection to mitigate the sim-to-real gap and
examine the impact of initial low-resolution camera control training
before transitioning to full-resolution on convergence speed.

As shown in Fig. 8 and Tab. 4, our ablation studies validate key
design choices. PRoPE outperforms Raymap with lower camera con-
trol errors. Sequential token insertion surpasses parallel insertion
in quality maintenance. Complete cross-view attention achieves
optimal performance over individual components. Noise injection
significantly improves sim-to-real transfer, with removal causing
quality degradation.

5 Conclusion

We present CameraSquad, a novel approach for multi-trajectory par-
allel generation with implicit camera control. CameraSquad achieves
high-precision camera-controlled video generation and, through our
cross-view attention mechanism, produces geometrically consistent
results across viewpoints compared to existing camera control meth-
ods. By leveraging feed-forward depth estimators to back-project
point cloud representations, CameraSquad generates more consis-
tent and scene-preserving results, yielding higher confidence depth
estimates and superior point cloud quality.

However, our method has limitations due to the lack of explicit
geometric priors. When encountering abstract scenes or out-of-
distribution cases, our model may fail to generate satisfactory results.
This is partly attributed to our reliance on synthetic training data.
Furthermore, the camera movements in existing open-source multi-
trajectory datasets are mostly distributed around relatively the same
starting point and within a relatively small range, which limits our
current work’s ability to further extrapolate to larger fields of view.
We believe that future availability of larger real-world multi-view
video datasets with precise camera annotations will significantly
improve our model’s generation performance.
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