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A middle-aged man wearing a light blue shirt. He is smiling warmly and appears
to be in a relaxed and happy mood.
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A man and a woman are dancing togetheron a city streetat dusk. They are

both moving gracefully to the rhythm of the music.
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A person in a vibrant red suit, bright red clown wig, and white face paint is

descending a flight of stairs.

Figure 1. Examples synthesized by ReCamMaster. ReCamMaster re-shoots the source video with novel camera trajectories. We
visualized the novel camera trajectories alongside the video frames. Video results are on our project page.

Abstract

Camera control has been actively studied in text or image
conditioned video generation tasks. However, altering cam-
era trajectories of a given video remains under-explored,
despite its importance in the field of video creation. It
is non-trivial due to the extra constraints of maintain-
ing multiple-frame appearance and dynamic synchroniza-
tion. To address this, we present ReCamMaster, a camera-
controlled generative video re-rendering framework that re-
produces the dynamic scene of an input video at novel cam-
era trajectories. The core innovation lies in harnessing the
generative capabilities of pre-trained text-to-video models

* Work done during an internship at Kling Team, Kuaishou Tech.
1 Corresponding authors.

through a simple yet powerful video conditioning mecha-
nism—its capability is often overlooked in current research.
To overcome the scarcity of qualified training data, we con-
struct a comprehensive multi-camera synchronized video
dataset using Unreal Engine 5, which is carefully curated
to follow real-world filming characteristics, covering di-
verse scenes and camera movements. It helps the model
generalize to in-the-wild videos. Lastly, we further improve
the robustness to diverse inputs through a meticulously de-
signed training strategy. Extensive experiments show that
our method substantially outperforms existing state-of-the-
art approaches. Our method also finds promising appli-
cations in video stabilization, super-resolution, and out-
painting. Our code and dataset are publicly available at:
https://github.com/KwaiVGI/ReCamMaster.
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1. Introduction

Camera movement is a fundamental element in film produc-
tion, profoundly shaping the audience’s visual experience
and conveying both emotional depth and narrative inten-
tions. For instance, a dolly-in shot can masterfully empha-
size a character, building tension or guiding viewers’ atten-
tion to crucial details. Similarly, crane shots excel at show-
casing expansive landscapes, often employed at the opening
to dramatically reveal the full scope of a setting. Despite
its artistic significance, achieving professional-level camera
movement remains a challenge for amateur videographers,
because of hardware limitations (such as stabilization is-
sues in handheld recordings) and technical skill gaps. To
address this dilemma, we explore innovative approaches to
modify camera trajectories in post-production, empowering
creators with the ability to enhance their original footage by
displaying the dynamic scenes with more compelling and
polished camera trajectories when needed.

Previous research on camera-controlled generation has
primarily focused on text-to-video (T2V) or image-to-video
(I2V) generation [18, 51]. Recently, GCD [45] pioneered
camera-controlled video-to-video generation, achieving
promising results on domain-specific videos synthesized by
the Kubric simulator [14]. However, its effectiveness on
real-world videos is limited due to the narrow domain of
training data and its inferior video conditioning mechanism.
As a concurrent work, ReCapture [65] introduces a novel
two-stage approach: first generating a camera-controlled
anchor video using existing image-level multiview diffusion
models, then optimizing the result by fine-tuning spatial and
temporal LoRA [21] layers over the input and anchor videos
respectively. While showing promising performance, its re-
quirement for per-video optimization constrains practical
applications. Similarly, other approaches [5, 15] achieve
video re-rendering through explicit 4D reconstruction fol-
lowed by video post-optimization. However, their perfor-
mance is significantly restricted by the challenge of single
video-based 4D reconstruction techniques [26, 53].

To address these challenges, we present ReCamMaster, a
camera-controlled generative video re-rendering framework
that can regenerate in-the-wild videos at novel camera tra-
jectories. The core innovation is to utilize the generative
capabilities of pre-trained text-to-video models through an
elegant yet powerful video conditioning mechanism. Com-
pared to alternatives, our method shows superior perfor-
mance in preserving both the visual and dynamic character-
istics of the input video. Notably, this conditioning mecha-
nism indeed exhibits remarkable potential as a versatile so-
lution for conditional generation tasks, which is overlooked
in current research. Since no qualified training data are
publicly available, we develop a large-scale multi-camera
synchronized video dataset using Unreal Engine 5, which
contains 136K realistic videos shot from 13.6K different

dynamic scenes in 40 high-quality 3D environments with

122K different camera trajectories. Particularly, it is care-

fully curated to simulate real-world filming characteristics,
which is proven to bring an advantage to striking domain
alignment to in-the-wild videos. Lastly, we further improve

the robustness of our model to diverse inputs through a

meticulously designed training strategy.

Experimental results show that our method outperforms
state-of-the-art approaches and strong baselines by a large
margin. Ablation studies verified the effectiveness of our
key designs. Furthermore, ReCamMaster demonstrates its
potential in scenarios like video stabilization, video super-
resolution, and video outpainting. Our contribution can be
summarized as follows:

* We introduce a high-quality multi-camera synchronized
video dataset featuring diverse camera trajectories. This
dataset has been publicly released to advance research in
camera-controlled video generation, 4D reconstruction,
and related fields.

* We conduct an in-depth investigation and validation of an
effective video conditioning mechanism for text-to-video
generation models. It significantly outperforms other al-
ternatives employed in baseline methods.

» Extensive experiments show that our proposed ReCam-
Master significantly advances the state-of-the-art in video
recapturing. Furthermore, it finds promising applications
across multiple real-world scenarios.

2. Related Works

Camera-Controlled Video Generation. With the suc-
cess of text-to-video generation models [6, 7, 10, 35, 62],
the introduction of other conditional signals for controllable
video generation has been widely studied [11, 16, 56, 63].
In camera-controlled video generation [2, 61, 67, 68], re-
searchers aim to incorporate camera parameters into video
generation models to control the viewpoint of the output
video. AnimateDiff [17] introduces various motion LoRAs
[21] to learn specific patterns of camera movements. Mo-
tionCtrl [51] encodes 6DoF camera extrinsics and injects
them into the diffusion model, fine-tuning on video-camera
pair data to achieve video generation with arbitrary trajec-
tory control. CameraCitrl [ 18] further improves the accuracy
and generalizability of single-sequence camera control with
a dedicatedly designed camera encoder. CVD [28] achieves
multi-sequence camera control with the proposed cross-
video synchronization module. AC3D [1] conducts an in-
depth investigation into camera motion knowledge within
diffusion transformers, achieving camera-controlled gener-
ation with enhanced visual quality. Meanwhile, training-
free methods have also been explored [20, 22, 30].

Video-to-Video Generation. Video-to-video generation
[34, 48, 49] is explored in various tasks, including video
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editing [33, 60], video outpainting [8, 46], video super-
resolution [58, 69], etc. Most relevant to our work is syn-
thesizing novel viewpoint videos based on a given video
and camera parameters [5, 15, 39, 45, 65]. GCD [45]
pioneered camera-controlled video-to-video generation by
training a video generation model with paired video data
created by the Kubric simulator [14]. Although it performs
well on in-domain data, GCD’s generalization capability is
limited by the significant domain gap between the train-
ing data and real-world videos. Recapture [65] proposes
a practical solution with per-video optimization. Several
concurrent works [5, 15, 39, 54, 64], achieve 4D-consistent
video-to-video generation by extracting dynamic informa-
tion from the original video using 3D point tracking [26, 53]
and incorporating it as a condition into the video generator.
This paradigm is promising when synchronized multi-view
videos are unavailable. Nevertheless, the generation quality
is limited by the accuracy of the point-tracking methods. In
the field of 4D object generation, video-to-video generation
can be achieved by 1) training a multi-view video generator
[52, 55], or 2) following a reconstruct-and-render pipeline
via 4D reconstruction methods [29, 66]. [32, 42] achieve
3D/4D scene reconstruction with videos generated with dif-
fusion models. In this paper, we focus on open-domain
camera-controlled video generation. To achieve this, we
first create a large multi-camera synchronized dataset with
diverse camera trajectories. We also propose a novel video
conditioning method to achieve better generation ability.

3. Multi-Cam Video: A High-Quality Multi-
Camera Synchronized Video Dataset

To re-shoot input videos based on novel camera trajecto-
ries, paired video data is required for training the video
generation model. Specifically, the training data should in-
clude multiple shots captured in the same scene simulta-
neously, allowing the model to learn 4D consistent gener-
ation. Acquiring such data in real-world scenarios is ex-
tremely costly, and publicly available multi-view synchro-
nized datasets [13, 24, 25, 40, 59] are also limited by the di-
versity of scenes and constrained camera movements, mak-
ing them unsuitable for our task. Therefore, we chose to
use a rendering engine to generate the training data. The
advantages of this approach are: 1) precise camera trajec-
tories can be obtained, 2) complete synchronization in the
time dimension can be achieved, and 3) the data volume can
be more easily scaled up.

We build the entire data rendering pipeline in Unreal En-
gine 5 [12]. Specifically, we first collect multiple 3D envi-
ronments as “backgrounds”. Then, we place animated char-
acters within these environments as the “main subjects” of
the videos. We then position multiple cameras facing the
subjects and moving along predefined trajectories to simu-
late the process of simultaneous shooting. This allows us to

(¢) Animations

Figure 2. Illustration of the dataset construction process. We
build the multi-camera synchronized training dataset by rendering
in Unreal Engine 5. This is achieved using 3D environments, char-
acters, animations collected from the internet, and our designed
massive camera trajectories.

render datasets with synchronized cameras that include dy-
namic objects. To scale up the data volume, we construct a
set of camera movement rules for automatically batch gen-
eration of natural and diverse camera trajectories. Addi-
tionally, we randomly combined different characters and ac-
tions across different video sets. In total, we obtain 136K
visually-realistic videos shot from 13.6K different dynamic
scenes in 40 high-quality 3D environments with 122K dif-
ferent camera trajectories. Fig. 8 in the Appendix shows
some of the rendered video frames. In Appendix C.1, we
conduct an ablation study comparing model performance
when trained on a dataset with limited scenes and camera
trajectories versus our comprehensive dataset. This high-
lights the significance of our high-quality dataset. For more
details about the dataset, please refer to Appendix B.

4. Camera-Controlled Video Re-Generation

Given a source video V, € RIXexhXw e aim to syn-
thesize a target video V; € RS*¢X"X% gharing the same
dynamic scene but presenting at specified camera trajecto-
ries denoted by cam; = [R,t] € R/*3*4_ Particularly,
V, should conform to the multiple-frame appearance and
synchronized dynamics of V. To achieve this, we propose
to harness the generative capability of pre-trained text-to-
video diffusion models [7, 62] by imposing dual conditions,
i.e., the source video and target camera trajectories through
a meticulously designed framework. The overview of the
model is depicted in Fig. 3.

4.1. Preliminary: Text-to-Video Base Model

Our study is conducted over an internal pre-trained text-to-
video foundation model. It is a latent video diffusion model,
consisting of a 3D Variational Auto-Encoder (VAE) [27]
and a Transformer-based diffusion model (DiT) [37]. Typ-
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Figure 3. Overview of ReCamMaster. Left: The training pipeline of ReCamMaster. A latent diffusion model is optimized to reconstruct
the target video V;, conditioned on the source video V5, target camera pose cam, and target prompt p;. Right: Comparison of different
video condition techniques. (a) Frame-dimension conditioning used in our paper; (b) Channel-dimension conditioning used in baseline
methods [5, 45]; (c) View-dimension conditioning in [3]. We omit the text prompt p; in (a)-(c) for simplicity.

ically, each Transformer block is instantiated as a sequence
of spatial attention, 3D (spatial-temporal) attention, and
cross-attention modules. The generative model adopts Rec-
tified Flow framework [9] for the noise schedule and de-
noising process. The forward process is defined as straight
paths between data distribution and a standard normal dis-
tribution, i.e.

Zt = (]. — t)Z() + t€7 (l)

where e € N (0,I) and ¢ denotes the iterative timestep. To
solve the denoising processing, we define a mapping be-
tween samples z; from a noise distribution p; to samples zq
from a data distribution p in terms of an ordinary differen-
tial equation (ODE), namely:

dze = ve (24, t)dt, 2)

where the velocity v is parameterized by the weights © of
a neural network. For training, we regress a vector field
u; that generates a probability path between pg and p; via
Conditional Flow Matching [31]:

£LCM = Et,pt(@e),p(e)””@(zta t) - Ut(2’0|6)”§, 3

where u;(z, €) := 1, (1; 1 (2]€)|€) with ¢(-|¢) denotes the
function of Eq. |. For inference, we employ Euler dis-
cretization for Eq. 2 and perform discretization over the
timestep interval at [0, 1], starting at ¢ = 1. We then pro-
cessed with iterative sampling with:

2t = z¢—1 + U@(Zt_l,t) * At. (4)

4.2. Conditional Video Injection Mechanism

To modify the camera trajectories of a given video us-
ing generative models, it is essential to condition the gen-
eration process on the source video. Our experiments
reveal that the video injection mechanism is crucial for

overall performance. We analyze and compare several
widely-adopted video conditioning approaches from pre-
vious works [3, 5, 45], alongside our proposed simple yet
powerful video injection mechanism. We provide an intu-
itive explanation of our design’s superior performance and
its potential impact.

Channel Dimension Conditioning. Recent attempts [5,
45] incorporate the source video by concatenating the la-
tent of the source video xs with the noised latent of the
target video z; along the channel dimension, and add ad-
ditional input channels to the input convolutional layer. To
be specific, a variational autoencoder with encoder & is uti-
lized to project the source video V; and target video V; to
the latent space, z, = £(Vs), 2z = E(V;), where z4,2; €
RO* fxexhxw are the latent of source video and target video
with f frames, ¢ channels, and spatial size of A x w. Then,
the source latent is concentrated with the noised target latent
along the channel dimension, and patchified into f X h x w
tokens with several convolutional layers:

Ty = patChifY([ZS7 Zt}channel—dim)y (5)

where z; € RP*/*sxd ¢ — b x w, d is the channel dimen-
sion for the latent diffusion model. We denote this condi-
tioning technique as the “channel-dimension conditioning”
and illustrate in Fig. 3(b).

View Dimension Conditioning. To achieve multi-view
video generation, [3] proposes to introduce a plug-and-
play module for feature aggregation across views. Given
a source video latent z; = £(V;) and a target video latent
2 = E(V4), and patchify and forward to the diffusion trans-
former respectively:

xs = patchify(zs),xs = patchify(z:), (6)
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where z,,2; € RY*F*sxd  To achieve synchronization
and content consistency across views, an additional atten-
tion layer (denoted as view-attention) is added in each basic
transformer block, it performs self-attention between each
frame in multiple views:

F..F, = attnview(Fi, FY), %

where F? and F} are the i-th frame feature of V and V;

respectively, and Fi and Fi are the output features. We
denote this conditioning technique as the “view-dimension
conditioning” and illustrated in Fig. 3(c).

Frame Dimension Conditioning (ours). To achieve bet-
ter synchronization and content consistency with the source
video, we propose to concatenate the source video tokens
with the target video tokens along the frame dimension:

xy = patchify(z),

{xs = patchify(z), ®)

T = [msa xt]frame—dim7

where z; € RP*2/xsxd jg the input of diffusion trans-
former. In other words, the input token number is dou-
bled compared to the vanilla text-to-video generation pro-
cess. Moreover, we do not introduce additional attention
layers for feature aggregation across the source video and
the target video, since self-attention is performed between
all tokens in the 3D (spatial-temporal) attention layers. We
denote this conditioning technique as the “frame-dimension
conditioning” and illustrate in Fig. 3(a).

Comparison and Discussion. Our experimental results
demonstrate that the frame dimension conditioning ap-
proach provides substantial advantages in utilizing condi-
tion information effectively, as illustrated by the compar-
ative analysis in Fig. 5. We attribute this superior per-
formance to the inherent flexibility of our frame dimen-
sion conditioning method, which enables spatio-temporal
interaction between the conditional tokens and target tokens
through all blocks of the base model. This approach pro-
vides a more robust mechanism for understanding the cor-
relations between video pairs. While similar token concate-
nation strategies have proven effective in image-to-image
tasks [43], their potential in video controllable generation
has remained largely unexplored. Our study provides com-
pelling evidence of the effectiveness, highlighting the po-
tential of this underappreciated technique as a versatile so-
lution for conditional generation tasks.

4.3. Camera Pose Conditioning

To achieve camera-controlled video generation, a natural
idea is to condition the model on the source and target
video camera trajectories camg and cam; to help the model

better understand the 4D space. Unfortunately, during in-
ference, even with state-of-the-art structure-from-motion
(SfM) methods for camera parameter estimation, it is chal-
lenging to obtain accurate camera trajectory information for
the input video [1]. Therefore, we alternate to only condi-
tioning the model on the target camera cam,, while relying
on the model to interpret the camera trajectory of the input
video. Furthermore, we condition the model using camera
extrinsics, specifically the rotation and translation matrices
for each frame’s camera. We chose not to include camera
intrinsics as a condition because, while they are easily ob-
tainable in the rendered training set, accurately estimating
the intrinsics of real-world video cameras remains challeng-
ing. This limitation would complicate parameter provision
in practical applications, as users are unlikely to have ac-
cess to the source video’s camera intrinsics. However, our
method can be readily adapted to incorporate intrinsics as
input with minimal modifications.

Given a f frames target camera sequence cam; €
R *(3%4) we project it to have the same channels with the
video tokens through a learnable camera encoder &, and add
it to the visual features:

F, = F, + & (cam), &)

where F), is the output feature of the spatial-attention layer,
F; is the input feature of the 3D-attention layer, &, is in-
stantiated as a fully connected layer with an input dimen-
sion of 12 and an output dimension of d in practice. The
camera encoder is inserted into each transformer block for
fine-grained camera control.

4.4. Training Strategy

Enhancing Generalization Capabilities. Using the an-
notated dataset described in Sec. 3, ReCamMaster is trained
to process input videos with target camera parameters. To
preserve the base T2V model’s native capability, we fine-
tune only the camera encoder and 3D-attention layers while
keeping other parameters frozen. To mitigate Unreal En-
gine’s synthetic characteristics, we apply moderate noise
(200-500 noise scheduling steps) to the conditional video
latent during training, reducing the domain gap between
synthetic and real-world data at inference.

Improving Generation Capability by Unifying Camera
Control Tasks. To encourage content generation capa-
bility, we implement T2V camera-controlled generation
[18, 51] with a 20% probability and 12V camera-controlled
generation [57] with a 20% probability during training.
Specifically, we replace the latent representations of all f
frames with Gaussian noise for T2V generation, and re-
place f — 1 frames starting from the second frame for 12V
generation. Our experiments demonstrate that this strategy
prompts performance in synthesizing coherent objects in-
visible in the source video. As a byproduct, our model
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Figure 4. Comparison with state-of-the-art methods. It shows that ReCamMaster generates videos that maintain appearance consistency

and temporal synchronization with the source video.

inherently supports T2V, 12V, and V2V camera-controlled
generation, as shown in Fig. 9.

5. Experimental Results

5.1. Experiment Settings

Implementation Details. We train ReCamMaster on the
rendered dataset introduced in Sec. 3. During training, we
randomly select 2 cameras from each 10 synchronized cam-
eras, designating one as the source video and the other as
the target video. We use {source video V;, target camera
camy, target prompt p; } as conditions input to the model, to
reconstruct the target video V; as introduced in Eq. 3. We
train the model for 10K steps at the resolution of 384x672
with a learning rate of 0.0001, batch size 40. The camera
encoder and the projector are zero-initialized.

Evaluation Metrics. We mainly evaluate the proposed
method in terms of camera accuracy, source-target synchro-
nization, and visual quality. For camera accuracy, we use
GLOMAP [36] to extract the camera pose sequence of the
generated videos, and calculate the rotation error and trans-
lation error, denoted as RotErr and TransErr respectively
[18]. In terms of synchronization, we utilize the state-of-
the-art image matching method GIM [41] to calculate the
number of matching pixels with confidence greater than the
threshold, denoted as Mat. Pix.. Furthermore, we calculate
the FVD-V score in SV4D [55], and the average CLIP sim-
ilarity between source and target frames at the same times-
tamp, denoted as CLIP-V [28]. For visual quality, we di-
vide it into fidelity, coherence with text, and temporal con-
sistency, and quantify them with Fréchet Image Distance

[19] (FID) and Fréchet Video Distance [44] (FVD), CLIP-
T, and CLIP-F, respectively. CLIP-T refers to the average
CLIP [38] similarity of each frame and its corresponding
text prompt, and CLIP-F is the average CLIP similarity of
adjacent frames. We also evaluate our method on the widely
used VBench [23] metrics.

Evaluation Set. We construct the evaluation set with 1000
random videos from WebVid [4] and 10 different camera
trajectories, including pan, tilt, vertical translation, zoom
in, zoom out, and horizontal arc trajectories. Note that since
we automatically generated 122K different camera trajecto-
ries when constructing the training set, ReCamMaster can
support a variety of camera trajectories as input. However,
since the baseline method was trained on specific basic tra-
jectories, we opted to use trajectories that closely align with
the baseline for comparison.

5.2. Comparison with State-of-the-Art Methods

Baselines. We compare the proposed ReCamMaster with
state-of-the-art camera-controlled video-to-video genera-
tion methods [15, 45, 54]. GCD [45] pioneered camera-
controlled video-to-video generation by training a video
generation model with paired data created by the Kubric
simulator [14]. Although it performs well on in-domain
data, GCD’s generalization capability is limited by its in-
ferior video conditioning method and the significant do-
main gap between the training data and real-world videos.
Trajectory-Attention [54] and DaS [15] extract dynamic in-
formation from the source video using 3D point tracking
and incorporate it as a condition into the video generator.
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Table 1. Quantitative comparison with state-of-the-art methods on visual quality, camera accuracy, and view synchronization.

Method Visual Quality | Camera Accuracy | View Synchronization
FID| FVD | CLIP-T 1 CLIP-F*t ‘ RotErr | TransErr | ‘ Mat. Pix.(K) + FVD-V | CLIP-V 1
GCD 72.83 367.32 32.86 95.66 2.27 5.51 639.39 365.75 85.92
Trajectory-Attention 69.21 276.06  33.43 96.52 2.18 5.32 619.13 256.30 88.65
DaS 63.25 159.60 33.05 98.32 1.45 5.59 633.53 154.25 87.33
ReCamMaster 57.10 122.74 34.53 98.74 1.22 4.85 ‘ 906.03 90.38 90.36
Table 2. Quantitative comparison with state-of-the-art methods on VBench [23] metrics.
Method Aesthetic Imaging Temporal Motion Subject Background
Quality T Quality T  Flickering T  Smoothness T  Consistency T  Consistency 1
GCD 38.21 41.56 95.81 98.37 88.94 92.00
Trajectory-Attention 38.50 51.00 95.52 98.21 90.60 92.83
DaS 39.86 51.55 97.44 99.14 90.34 92.03
ReCamMaster 42.70 53.97 97.36 99.28 92.05 93.83

Qualitative Results. We present synthesized examples of
ReCamMaster in Fig. | (additional examples in Fig. 12 of
Appendix C). Please visit our project page for more videos.
ReCamMaster demonstrates the ability to: 1) generate con-
sistent content from novel camera trajectories of the same
scene; 2) achieve excellent temporal synchronization with
the source video; and 3) generate plausible video content
in areas not visible in the original video. Note that, due to
the use of 122K different random trajectories during train-
ing, ReCamMaster also supports complex trajectories as in-
put, such as zigzag paths. Please refer to the results on the
project page. In the paper, to visually capture the camera
movement trajectory more clearly, we do not showcase re-
sults generated along complex trajectories.

We compare ReCamMaster with state-of-the-art meth-
ods in Fig. 4 and Fig. 13. It’s observed that baselines
produce content with notable artifacts and temporal desyn-
chronization. Similar phenomena were noted when training
ReCamMaster with other video conditioning techniques (as
shown in Fig. 5), highlighting the importance of the novel
video conditioning method proposed in the paper.

Quantitative Results. We quantitatively evaluate Re-
CamMaster against baselines using various automatic met-
rics, the summarized results are in Tab. 1 and 2. For vi-
sual quality assessment, we used the widely adopted FID,
FVD, and CLIP metrics as shown in Tab. 1, along with the
VBench metrics in Tab. 2. In terms of camera trajectory
accuracy, we calculate the rotation error and translation er-
ror by following previous work in camera-controlled T2V
and 12V generation [18, 57]. For view synchronization, we
calculate the clip similarity score and FVD between video
frames of different viewpoints within one scene, denoted as
CLIP-V and FVD-V. It’s observed that ReCamMaster out-
performs baselines across multiple dimensions of metrics.

View
Concat.

Frame
Concat. (ours)

Figure 5. Ablation on video conditioning techniques. We com-
pared the channel-/view- concatenation schemes proposed by pre-
vious methods and frame-concatenation in ReCamMaster. We
observed that both channel-conditioning and view-conditioning
schemes suffer from significant artifacts, content inconsistency,
and asynchronous dynamics with respect to the original video.

5.3. More Analysis and Ablation Studies

Ablation on Video Conditioning Techniques. In Sec.
4.2, we introduce a novel video conditioning scheme that
concatenates the tokens of a source video with the target
video tokens along the frame dimension. To verify its effec-
tiveness, we compare our “frame concatenation” technique
with the “channel concatenation” used in baseline methods
[5, 45] and the “view concatenation” in [3]. We performed
both qualitative and quantitative comparisons, as shown in
Fig. 5 and Tab. 3. We only altered the video conditioning
method while keeping the camera injection method, training
data, and training steps unchanged. The results clearly show
that our conditioning technique significantly enhances the
model’s performance. In the second and third rows of Fig.
5, the generated videos exhibit the rendering style of the
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Table 3. Quantitative comparison on the video conditioning strategy.

Method Visual Quality ‘ Camera Accuracy ‘ View Synchronization
FID | FVD| CLIP-T4 CLIP-F 1 |RotErr | TransErr | | Mat. Pix.(K)t FVD-V | CLIP-V ¢
Channel dim. 74.09 187.94  33.70 98.67 1.28 4.98 521.10 148.51 84.62
View dim. 80.51 19447 34.66 98.71 1.42 5.77 573.92 177.68 83.40
Frame dim. (ours) 57.10 122.74  34.53 98.74 1.22 4.85 906.03 90.38 90.36
Table 4. Ablation on our training strategies.

Aesthetic  Imaging E g
Method FID| FVD| Quality 1 Quality 1 =
Baseline 66.67 171.80  40.02 51.93
+ Add noise 65.17 164.04 4036 52.22 .
+ 3D-Attn. tuning  59.47 132.58 43.08 52.80 é’ 2
+ Drop latent 6239 14952 4147 52.65 3
+ All 57.10 122.74 4270 53.97

training dataset, and the hand movements become unsyn-
chronized with the original video. In contrast, our method
preserves the person’s identity and maintains synchroniza-
tion even during rapid and complex movements.

The Effectiveness of the Training Strategies. In Section
4.4, we enhance ReCamMaster’s robustness with improved
training strategies. We fine-tune only the spatial-temporal
(3D) attention layers and freeze other parameters. Addi-
tionally, we drop f frames and f — 1 frames of the source
video with a 20% probability to improve generation capa-
bility. Table 4 shows the improvement using visual quality
metrics. The ‘baseline’ is vanilla training with reconstruc-
tion loss. Results indicate that all techniques improve vi-
sual quality, with their combination yielding the best per-
formance. Dropping the source latent during training also
allows our method to support camera-controlled T2V, 12V,
and V2V generation simultaneously, as shown in Fig. 9.

6. Applications of ReCamMaster

We find that ReCamMaster also has promising perfor-
mances in several traditional tasks, as shown in Fig. 6.
Video Stabilization. It is usually not easy to obtain sta-
ble videos when recording video while moving. Video
stabilization techniques [50] aim to smooth out camera
movements to produce easy-to-watch videos, which can be
achieved by adjusting the camera trajectories via ReCam-
Master. We evaluate our method using unsteady videos
from the DeepStab [47] dataset. It can be observed that
the model stabilizes the video while preserving the content
from the original video. Best viewed on the project page.
Video Super-Resolution.! Thanks to the generation capa-
bility of the diffusion model, we can input ‘zoom-in’ cam-
era trajectories into ReCamMaster to achieve video local
super-resolution, as more details are observed in Fig. 6.

t’s not entirely equivalent to the super-resolution task, as ReCamMas-
ter only enhances the resolution of patches in the central region.

Video Super- Source
Resolution Video

Source
Video

Video
Outpainting

[——)

Figure 6. Applications of ReCamMaster. From top to bottom:
video stabilization, video super-resolution, and video outpainting.

Video Outpainting. Similarly, we can input zoom-out tra-
jectories to achieve video outpainting. As shown in the last
row of Fig. 6 that areas not visible in the original video,
such as feet and the ground, have been generated.

7. Conclusion and Limitations

In this paper, we propose ReCamMaster to reproduce dy-
namic scenes from input videos with new camera trajec-
tories. We develop an innovative video conditioning tech-
nique to enhance pre-trained text-to-video models and cu-
rate a large-scale multi-camera synchronized video dataset
using Unreal Engine 5, covering diverse scenes and camera
movements. Our method also shows promise in video stabi-
lization, super-resolution, and outpainting. There are nev-
ertheless some limitations. Concatenating source and tar-
get video tokens improves generation quality but increases
computational demands. Additionally, ReCamMaster in-
herits limitations from the pre-trained T2V models, such as
less effective hand generation, as shown in Fig. 11.
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