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Fig. 1: InfCam Results. Given a video and a target camera trajectory, InfCam gen-
erates a video that faithfully follows the specified camera path. The leftmost column
visualizes the backward, arc, and rotational camera trajectories, and the right side
shows input—generated video pairs corresponding to each trajectory. The world coor-
dinate origin is defined by the first frame’s camera pose (highlighted in red). The rota-
tional trajectory is generated with a shorter focal length to illustrate wide field-of-view
generation. The black dashed box in the last row indicates the original field-of-view of
the input video.

Abstract. Recent progress in video diffusion models has spurred grow-
ing interest in camera-controlled novel-view video generation for dy-
namic scenes, aiming to provide creators with cinematic camera con-
trol capabilities in post-production. A key challenge in camera-controlled
video generation is ensuring fidelity to the specified camera pose, while
maintaining view consistency and reasoning about occluded geometry
from limited observations. To address this, existing methods either train
trajectory-conditioned video generation model on trajectory—video pair
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dataset, or estimate depth from the input video to reproject it along
a target trajectory and generate the unprojected regions. Nevertheless,
existing methods struggle to generate camera-pose—faithful, high-quality
videos for two main reasons: (1) reprojection-based approaches are highly
susceptible to errors caused by inaccurate depth estimation; and (2)
the limited diversity of camera trajectories in existing datasets restricts
learned models. To address these limitations, we present InfCam, a depth-
free, camera-controlled video-to-video generation framework with high
pose fidelity. The framework integrates two key components: (1) infi-
nite homography warping, which encodes 3D camera rotations directly
within the 2D latent space of a video diffusion model. Conditioning
on this noise-free rotational information, the residual parallax term is
predicted through end-to-end training to achieve high camera-pose fi-
delity; and (2) a data augmentation pipeline that transforms existing syn-
thetic multiview datasets into sequences with diverse trajectories and fo-
cal lengths. Experimental results demonstrate that InfCam outperforms
baseline methods in camera-pose accuracy and visual fidelity, generaliz-
ing well from synthetic to real-world data.

Keywords: Camera Control - Video Generation - Infinite Homography

1 Introduction

Changing the camera viewpoint in post-production is a highly sought-after video
editing technique, as it eliminates the need for costly reshoots and enables cre-
ative visual effects. Recent advancements in large-scale video diffusion models
have spurred research on controlling camera trajectories for novel-view video
generation |1}[2L13}|16}20].

However, existing methods still suffer from several limitations. First, ap-
proaches that explicitly incorporate depth projection |13}20}21] suffer from in-
herent performance degradation due to reprojection errors arising from inaccu-
rately estimated depths. While reprojection serves as an effective mechanism for
aligning generated views with the target trajectory when accurate depth maps
are available, it can also become a major source of error when the predicted
depths are inaccurate. Consequently, the overall performance of such systems re-
mains fundamentally constrained by the accuracy and reliability of the underly-
ing depth predictor. Second, methods that learn the relationship between camera
trajectory variations and novel-view video generation from trajectory—video pair
datasets |[11/2,/16] tend to inherit dataset-specific biases. When the training data
contain biased input—output video pairs, the network is likely to internalize these
biases, leading to degraded generalization performance. To address these limi-
tations, we propose a robust infinite homography-based conditioning method.
Unlike existing depth reprojection-based methods that suffer from cascading er-
rors due to their reliance on noisy depth estimates, our infinite homography
warping module decomposes the reprojection process into known rotation and
unknown translation components. We condition the model on the noise-free rota-
tion component, while the residual translation component is learned end-to-end
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by leveraging strong prior knowledge from large video generation models. Ad-
ditionally, we introduce a data augmentation strategy that transforms datasets
with constrained viewpoints into flexible trajectory formats while simultane-
ously augmenting focal lengths. By synthesizing diverse camera movements and
field-of-view variations, our model learns robust view synthesis. Extensive ex-
periments demonstrate that the proposed infinite homography warping module
and data augmentation enable superior trajectory fidelity compared to state-
of-the-art methods. Fig. [I] demonstrates the generalizability of our approach on
challenging real-world videos. Our contributions are summarized as follows:

— We propose a camera-controlled novel-view video generation framework that
achieves high pose fidelity without a depth prior.

— We introduce an infinite homography warping module that conditions on a
noise-free rotation term, predicting the residual parallax term through end-
to-end training.

— We present a data augmentation strategy that transforms existing datasets
with limited viewpoints into diverse training pairs with flexible camera tra-
jectories and varying focal lengths, enabling robust generalization

— Extensive experiments demonstrate that our infinite homography warping
and data augmentation strategy significantly improve camera-controlled video
generation, achieving state-of-the-art performance on both synthetic and
real-world videos.

2 Related Work

2.1 Depth Reprojection-Based Video Generation.

This line of work [11}{13}[20,21| estimates per-frame depth from an input and re-
projects the resulting 3D structure along a target camera trajectory. The newly
exposed or unprojected regions are subsequently predicted or inpainted to pro-
duce the final rendered video. For instance, GEN3C |13| proposes a method
that builds a spatio-temporal 3D cache from videos via depth estimation and
unprojection, renders this cache along the user-specified camera trajectory, and
conditions a video diffusion model on these renderings to achieve precise camera
control and temporal consistency. Meanwhile, TrajectoryCrafter [20] introduces
a dual-stream conditional video diffusion framework that takes as input both
the source video and reprojection results, which are subsequently processed by a
video inpainting model fine-tuned on a dataset generated using a double repro-
jection scheme. Since this line of work relies on external depth estimation, its
performance is ultimately limited by the accuracy of the estimated depth, which
directly affects the magnitude of reprojection errors.

2.2 Trajectory-Conditioned Video Generation.

This line of work |[1}2,/9,/14L/16L|17,/19] trains a video generation model that is
explicitly conditioned on camera trajectories, using paired datasets of trajec-
tories and corresponding videos. SynCamMaster [2] builds upon a pre-trained
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Fig. 2: (a) Infinite homography-based approach (ours). By conditioning on im-
ages warped by Hoo, the model focuses on learning the parallax relative to the plane
at infinity. This parallax is confined to the region between the epipole € and x.., as
visualized by the yellow segment on the epipolar line I’. This spatial constraint helps
the model to achieve higher camera pose fidelity with reduced search space. End-to-end
training enables the network to implicitly refine the 3D geometry, correcting inaccura-
cies in X. (b) Reprojection-based approach. Inaccuracies in depth estimation lead
to unreliable conditions, causing artifacts in the generated image. Since no gradients
flow through the depth estimation network, the incorrect reprojection position x’ re-
mains fixed during training, hindering error correction.

text-to-video model with a multi-view synchronization module to produce syn-
chronized videos from diverse camera viewpoints. Trained with a hybrid data
scheme and the released SynCamVideo dataset, it demonstrates open-domain
novel-view video generation for stationary cameras. ReCamMaster further
leverages the generative capabilities of pre-trained text-to-video models through
frame-dimension conditioning, and is trained with the MultiCamVideo dataset,
a large-scale multi-camera synchronized video dataset built with Unreal Engine
5. While effective, such trajectory-conditioned video generation methods trained
on trajectory—video pair data often inherit biases from the underlying training
data distribution.

3 Motivation

Fig.[2]illustrates the difference between the infinite homography-based approach

and the reprojection-based approach at the frame level. For a pair of cameras
with centers C and C’, the image from C is used to generate the corresponding
view of camera C'.

3.1 Reprojection-based Approach.

As illustrated in Fig. [2| (b), The reprojection-based approach first estimates the
depth for a pixel x in camera C, then reproject it to camera C’, producing a
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corresponding position x’ and yielding a reprojection image. However, any inac-
curacy in the predicted depth results in an unreliable condition being provided
to the generative model, leading to artifacts in the synthesized image. Moreover,
because no gradients flow through the depth estimation network, the inaccurate
reprojection position x’ remains fixed as a condition throughout training. Al-
though the model can be trained to compensate for these errors, the challenge
lies in handling noisy conditions, where it is unclear which parts are corrupted
and to what extent, making the problem difficult to address.

3.2 Infinite Homography-based Approach.

The infinite homography H., represents the homography induced by the plane
at infinity 7o [|4]. Given source and target camera intrinsic matrices K; and
K, rotation matrix R, translation vector t, and normal n of a plane, the
infinite homography H., can be derived from the plane-induced homography
H = K;(R — tnT/d)K ! by taking the limit as the distance d to the plane
approaches infinity:

H, = lim H=K,RK " (1)

d—oo

For a pixel x with known depth Z measured from the source camera, the repro-
jection x’ to the target image is expressed as:

x' = K,RK; 'x + Kit/Z = Hoox + Kyt /Z (2)

Notably, H., does not depend on the translation or depth, enabling correspon-
dence of image points at arbitrary depths when the camera undergoes pure
rotation (t = 0). The term K;t/Z represents the parallax relative to the plane
at infinity. As shown in Fig. a)7 this parallax is restricted to the region be-
tween the epipole € and X, visualized by the yellow segment on the epipolar
line I’

Assuming that K, K;, R, and t are known, conditioning the network on the
image warped by H. allows the network to refer to a noise-free image under
rotational transformation, enabling it to focus on learning residual information,
including K;t and the implicitly predicted depth Z, which modulates the final
novel views. Since parallax variations are constrained between the epipole €’ and
X0, this provides the model with strict boundary conditions (Fig. [2| (a) orange
line). This spatial constraint helps the model to improve camera-pose fidelity
by effectively narrowing the search space. Furthermore, unlike the reprojection-
based approach, our method is trained in an end-to-end manner, enabling the
network to implicitly refine the predicted depth Z toward the ground truth as it
learns to produce accurate parallax. For computational efficiency, we warp the
latent feature rather than the image itself during training.

4 Method

Our goal is to perform novel-view video generation that faithfully follows a given
target camera trajectory. Specifically, given a source video V, € RFXCXHXW
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Fig. 3: Model Architecture Overview. Our model builds upon Wan2.1, training
only newly introduced parameters while freezing pretrained weights. (a) DiT block
with homography-guided self-attention layer. Homography-guided self-attention
layer takes source, target, and warped latents combined with camera embeddings as
input, and performs per-frame attention, ensuring temporal alignment. By conditioning
on warped latents, the model enables rotation-aware reasoning and constrained parallax
estimation. Only source and target latents proceed to the subsequent Wan2.1 layers.
(b) Warping module. This module warps the input latent with infinite homography
to handle rotation, then add camera embeddings for translation. This decomposition
simplifies reprojection to parallax estimation relative to plane at infinity, enabling
higher camera trajectory fidelity.

source and target camera intrinsics K, K; € R3*3, and target camera trajectory
T € RF*3%4 expressed relative to the source video’s initial camera pose, our
InfCam generates novel view video V, € RFXCXHXW that faithfully follows
the target camera trajectory and target intrinsic configuration. Target camera
trajectory is defined in a special Euclidean space (R, t) € SE(3), having rotation
R; € R3*3 and translation t, € R®.

In Sec. we present our model design tailored for the novel-view video
synthesis task. In Sec. [f:2] we describe our data augmentation strategy that
enhances existing synthetic data for novel-view video synthesis across uncon-
strained camera trajectories and varying intrinsics.

4.1 Model Architecture

The overall architecture of our model is illustrated in Fig. ] We adopt the
text-to-video model Wan2.1 |18] as our base architecture. To incorporate camera
controllability while preserving Wan2.1’s video generation capabilities trained on
extensive datasets, we freeze the pretrained weights of Wan2.1 and train only the
newly introduced camera encoder and the homography-guided self-attention lay-
ers. The new attention layers are initialized using weights from the corresponding
pretrained transformer blocks. We employ a camera encoder consisting of a linear
layer with 16-dimensional input (comprising a flattened 3 x 3 rotation matrix,
three translation parameters, focal lengths f,, f,, and principal points ¢, ¢;)
and d-dimensional output to encode camera poses, where d represents the hidden
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dimension of the self-attention. For the latent representation z € R0*/*xhxwxd
we add the corresponding camera embedding e, € R?*f*? broadcasting it along
the spatial dimension. To ensure consistent camera conditioning, we share the
camera encoder across each DiT block for different camera encodings.

Warping Module. Our warping module is illustrated in Fig. [3|(b). The warping
module, motivated by Eq. , utilizes an infinite homography to warp the la-
tent representation. Since target camera poses are defined relative to the source
video’s first frame, the warping module warps the source latent of the initial
frame (zM') using the homography derived from the camera rotation and in-
trinsics, as described in Eq. . (Warping can also be extended to all frames
of the source video, i.e., per-frame warping, see the supplementary material for
a comparison.) The warped result is then added to the original z!™* through
a convolutional layer initialized to zero, functioning as a residual connection.
Next, camera embeddings, which encode the target’s translation and intrinsics,
are incorporated to reflect the second term in Eq. . This design simplifies
the reprojection estimation under target camera poses by reducing it to parallax
relative to mo, estimation, helping the model achieve higher camera-pose fidelity.
The effectiveness of the warping module is validated through ablation studies
presented in Table

Homography-Guided Attention Layer. The DiT block incorporating the
homography-guided attention layer is illustrated in Fig. (a). For frame index
i, we process three types of latents: the source latent z’, target latent zi, and
warped latent z’ . Each latent is combined with its corresponding camera em-
bedding before being fed into the attention layer. Specifically, to obtain the
camera embedding for the target latent, we concatenate the user-specified tar-
get intrinsics K;, rotation R;, and translation t,, and feed it into the camera
encoder. For the source latent, as we assume that the source camera poses are
unknown, we form a camera input vector by concatenating the source intrin-
sics with an identity pose [I|0]. This vector is then replicated across frames and
encoded using the camera encoder. The homography-guided attention layer per-
forms per-frame attention by spatially concatenating these three input latents.
The resulting concatenated latents have shape z, € RV *3hwxd where frames
are processed as individual batch items within the attention mechanism. This
structure ensures temporal alignment by allowing the target frames to reference
corresponding source frames at the same timestamps. Additionally, the concate-
nated warped latents help the model better reason about rotation-induced view
transformations, which in turn leads to constrained parallax estimation within
static regions. After passing through the homography-guided attention layer,
the concatenated features are split and reshaped into three tensors of shape
RO*fhwxd  Ripally, we discard the warped latent z% and feed only the source
and target latents into Wan2.1’s self-attention layer. During processing through
the pretrained Wan2.1 layers, the paired source and target latents are treated
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Fig. 4: Visualization of synchronized multi-view synthetic video datasets. Different
trajectories are visualized in different colors. (a) SynCamVideo. Captured with sta-
tionary cameras placed at distinct positions. (b) MultiCamVideo. Captured with
dynamic cameras following diverse trajectories, all sharing the same initial frame. (c)
AugMCV. An augmented version of MultiCamVideo with varied starting poses and
different focal lengths.

as a unified batch. For a more detailed model architecture, please refer to the
supplementary material.

4.2 Data Preparation

In this section, we describe our data augmentation strategy that enhances ex-
isting synthetic data for novel-view video synthesis with unconstrained camera
trajectories and varying intrinsics. We utilize the MultiCamVideo Dataset |1| for
augmentation and will refer to the augmented version as AugMCV (Augmented
MultiCamVideo) Dataset for brevity.

Trajectory Augmentation The MultiCamVideo dataset provides 10 trajec-
tories and their corresponding videos for each scene. These trajectories cover
a diverse set of camera motions, including pan, tilt, translation, arc, random,
and static movements. A notable feature of this data is that all 10 cameras
within each scene share identical starting positions, ensuring consistent initial-
ization across viewpoints. Consequently, when two videos from the same scene
are randomly sampled as the source and target videos for training, their first
frames are always identical. We empirically observe that models trained on this
dataset exhibit a bias toward reproducing the source video’s first frame, even
when conditioned to generate it from a different viewpoint.

Building on these properties, we introduce a data augmentation approach
to eliminate such bias from initial frame conditioning. Our key observation is
that while all trajectories share the same starting frame, their remaining frames
diverge across different videos. Leveraging this property, we randomly sample
two distinct videos from the same scene and construct an augmented sequence
by reversing the first video and concatenating it with the second one. Since the
final frame of the reversed video coincides with the initial frame of the second
video, we remove the redundant first frame of the latter, resulting in an aug-
mented video of 161 frames (81 + 80). To align with the pre-training strategy
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of the Wan2.1 base model, we segment 81 frames from videos within the same
scene, ensuring that they share the same starting timestamps for synchroniza-
tion. Fig. [ illustrates how the dataset configuration changes under our trajec-
tory augmentation approach. This approach preserves temporal alignment while
introducing variability in the initial frame, enabling the model to learn more
generalizable trajectory representations and mitigating dataset-specific biases.

Intrinsic Augmentation The MultiCamVideo Dataset incorporates four dis-
tinct focal lengths: 18mm, 24mm, 35mm, and 50mm, with the focal length re-
maining constant within each scene. Each focal length configuration contains
3,400 scenes, summing up to 13,600 scenes in total. While the dataset inher-
ently encompasses multiple intrinsic parameters, our empirical analysis reveals
that models trained on this dataset demonstrate a bias toward generating videos
that preserve the focal length of the source video. This limitation arises from
the training paradigm wherein both source and target videos are sampled from
identical scenes with fixed focal length. Such focal length consistency prevents
the model from learning the underlying relationship between focal length varia-
tions and their corresponding effects on video generation. To alleviate this bias,
we incorporate intrinsic augmentation.

Specifically, given the trajectory-augmented scene with focal length fscene, we
randomly sample the new focal length fiew € {2 € {18mm, 24mm, 35mm, 50mm}|z >
fscene}, and apply intrinsic augmentation process to the input video. Intrinsic
augmentation is performed by resizing the video based on the ratio of source
and target focal lengths, followed by center cropping. The detailed process is
provided in the supplementary material.

Video Pair Selection To train the video-to-video model for the purpose of
novel-view video generation, paired video data is required. In this setup, the
source video represents the user input, while the target video serves as the ground
truth, guiding the model’s output to generate a video that follows the specified
trajectory. To create these video pairs, we randomly sample two cameras out
of the ten synchronized ones from an identical scene, using one as the source
video and the other as the target video. For each video, we apply focal length
augmentation with a probability of 0.5. Although we only augment focal lengths
in the ascending direction, using augmented videos as either source or target
ensures that the selected video pairs encompass both focal length increase and
decrease scenarios. This video pair configuration strategy allows for coverage
of arbitrary trajectory patterns, as well as the generation of narrow and wide
field-of-view videos.

5 Experiments

5.1 Experiment Settings

Implementation Details. We use the pretrained Wan2.1 model as our back-
bone. Since Wan2.1 requires a text description of the generated video, we employ
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LLaVA [10] to extract descriptive text from the source video, which we then use
as the text input. For training, we use the train split of the AugMCV dataset
introduced in Sec. [£:2] which consists of 47,432 scenes, each containing 10 trajec-
tories. For quantitative evaluation, we train on videos of length 81-frame videos
at resolution of 480 x 832 for 15k iterations using four H100 GPUs (batch size
8), taking approximately one week. For ablations, we train on 41-frame videos
at 320 x 544 resolution for 20k iterations using four H100 GPUs (batch size 32),
which takes about four days, to ensure efficiency and ease of experimentation.
For both resolutions, we use the Adam optimizer with a weight decay of 0.01
and a learning rate of le-5.

Baselines. We compare our method against state-of-the-art camera-controlled
video generation algorithms, including ReCamMaster [1], TrajectoryCrafter |20,
and GEN3C |13]|. ReCamMaster is a trajectory-conditioned video generation ap-
proach trained on synthetic trajectory—video pair datasets. In contrast, Trajec-
toryCrafter and GEN3C are reprojection-based approaches that estimate depth
from the source video and condition the generation process on the reprojection
results.

Evaluation. Our method and baselines are evaluated on two datasets.

(1) AugMCYV Dataset. Experiments are conducted on the test split of AugMCV
dataset, which consists of 168 scenes. Each scene contains one video captured
with a static camera and ten videos recorded along dynamic trajectories. Using
the static-camera clip as a source, we generate one video for each target trajec-
tory, resulting in a total of 1,680 generated videos. Among the 168 test scenes, 96
scenes have source and target videos with identical focal lengths (referred to as
shared intrinsics), while the remaining 72 scenes involve different focal lengths
between source and target videos (referred to as different intrinsics). The gener-

ated videos are evaluated against their corresponding ground-truth videos using
PSNR, SSIM, and LPIPS |22].

(2) WebVid Dataset. A random subset of 100 source videos is selected from the
WebVid [3] dataset to evaluate performance in real-world scenarios. For each
source video, we generate 20 synthetic videos using different camera trajecto-
ries. Specifically, 10 trajectories share the same initial camera pose as the first
frame of the source video, while the remaining 10 trajectories start from differ-
ent initial camera poses. This setup yields a total of 2,000 generated synthetic
videos. As the dataset does not provide camera intrinsics for the source videos,
we estimate the source intrinsics at inference time using UniDepth [12]. Since no
ground-truth videos are available for the target trajectories, we evaluate percep-
tual fidelity using FID [6] for frame-level quality and FVD [15] for video-level
quality. To assess camera pose fidelity, we measure rotation and translation er-
rors |5] between the target trajectories and those estimated from the generated
videos using ViPE [7]. To further evaluate the preservation of subject appear-
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Fig. 5: Qualitative Comparison. (a) shows results on the test split of the AugMCV
dataset, and (b) presents results on the WebVid dataset. In both cases, GEN3C and
ReCamMaster fail to perform proper viewpoint transformations, largely preserving the
initial frame of the source video. ReCamMaster further fails to reflect pose changes
in the initial frame even when trajectory interpolation is applied (ReCamMaster w/
Interp). TrajectoryCrafter introduces artifacts due to inaccurate reprojection (high-
lighted in the orange box). In contrast, our method achieves natural pose transitions
while maintaining high visual quality throughout the sequence. Best viewed in zoom.

ance and temporal continuity, we incorporate Subject Consistency (S.C.) and
Motion Smoothness (M.S.) metrics from VBench [g].

5.2 Qualitative Results

Fig. 5| (a) and (b) show qualitative results on the AugMCV test split and the
WebVid dataset, respectively. In both cases, the first row shows the source video,
followed by the generated results from each method. For the AugMCV dataset,
the last row displays the ground-truth target video, whereas for the WebVid
dataset, only the generated results are available since ground-truth target views
are not provided. Frames are uniformly sampled along the camera trajectory for
visualization.

Across both datasets, ReCamMaster consistently preserves the initial frame
of the source video, which we attribute to a bias in its training data, where
all paired source-target trajectories originate from the same initial frame of the
source video. To mitigate this bias, we applied a frame interpolation strategy and
visualized the results in the fourth row of Fig. b). Specifically, eight identical
frames were prepended to the source video, and their corresponding camera poses
were linearly interpolated between the identity pose and the target pose of the
first frame. The first eight frames were then removed from the generated video
before evaluation to exclude the interpolated portion. Although this strategy
enables ReCamMaster to synthesize different viewpoints at the initial frame,



12 M. Kim and J. Kim et al.

Table 1: Quantitative comparison on the AugMCV test set. The best and second-best
results are bold and underlined, respectively.

Shared Intrinsics Different Intrinsics
Method PSNRt+ SSIMt LPIPS, PSNRf SSIMt LPIPS|
GEN3C [13] 16.891 0.479 0.548 17.449 0.525 0.467
ReCamMaster |1] 21.130 0.617 0.420 19.665 0.558 0.510
TrajectoryCrafter [20] 21.228 0.660 0.296 19.557 0.586 0.390
Ours 22.677 0.718 0.246 22.261 0.699 0.270

Table 2: Quantitative comparison on the WebVid dataset. S.C. and M.S. denote
Subject Consistency and Motion Smoothness. The best and second-best results are
bold and underlined, respectively.

Method RotErr| TransErr] FIDJ FVDJ S.C.t M.S.T
GEN3C [13] 9.588 3.012 43.790 331.768  0.908 0.990
ReCamMaster [1] 8.375 1.027 39.930 302.025 0.944 0.994
ReCamMaster w/ interp. 9.016 1.590 35.720 303.012 0.946 0.993
TrajectoryCrafter |20| 5.007 0.735 30.877 289.879  0.940 0.991
Ours 3.162 0.438 29.702 286.952 0.949 0.993

the results of ReCamMaster w/ interp. in Fig. b) still exhibit alignment errors,
indicating that interpolation alone cannot fully address its trajectory bias.

TrajectoryCrafter, a reprojection-based method, successfully performs view-
point transformation but fails to maintain the source appearance throughout the
sequence due to reprojection errors introduced by inaccurate depth estimation.
GEN3C also relies on reprojection, but fails to transform the viewpoint of the
initial frame. We conjecture that this result stems from a bias in its image-to-
video backbone toward preserving the initial source frame. This observation is
consistent with that reported in GCD [16].

In contrast, our method, empowered by the infinite-homography-based warp-
ing module and trajectory-intrinsic augmentation, achieves consistent viewpoint
alignment and maintains high visual coherence throughout the trajectory.

5.3 Quantitative Results

Table [I] presents quantitative evaluation results on AugMCV dataset for two
scenarios: (1) source and target videos with identical camera intrinsics, and (2)
source and target videos with different camera intrinsics. Across all scenarios,
our method consistently outperforms the baselines in all metrics, demonstrating
that the videos generated by our method are clearly closer to the ground truth.

Table |2 presents the quantitative evaluation results on the WebVid dataset.
Our method consistently outperforms the baseline approaches in terms of cam-
era pose accuracy(RotErr, TransErr), visual fidelity(FID, FVD), and temporal
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Fig. 6: Qualitative ablation study of proposed components. From left to right, we in-
crementally integrate: (b) Trajectory Augmentation (T.A.), (c) Intrinsic Augmentation
(I.A.), and (d) our full model with the Warping Module (W.M.). To evaluate camera
pose fidelity, a dashed orange guideline is aligned with the eye level in the Ground Truth
(e). While (a) None, (b) T.A., and (c) T.A.+I.A. exhibit significant vertical drift and
misalignment relative to the guide line, the full configuration (d) maintains consistent
alignment, demonstrating that all three components are essential for accurate video
generation.

Table 3: Ablation study conducted on the AugMCYV test set. The best and second-
best results are bold and underlined, respectively.

Components Shared Intrinsic Different Intrinsic
Aug.Traj.Aug.Intr. Warp PSNRfT SSIM{ LPIPS, PSNRt SSIM{ LPIPS|

19.228  0.562 0.427  18.480  0.507 0.525
20.820  0.615 0.353  18.865  0.523 0.499
22.807  0.680 0.250 21.866  0.649 0.293

24.412 0.733 0.198 24.311 0.720 0.203
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consistency (Subject Consistency, Motion Smoothness). In particular, our ap-
proach demonstrates a significant improvement in camera pose accuracy over
the baselines. Depth-based approaches, such as GEN3C and TrajectoryCrafter,
exhibit lower S.C. scores due to shape morphing caused by depth reprojection er-
rors, whereas InfCam effectively preserves subject integrity. While ReCamMaster
achieves the highest M.S., its substantial pose error suggests that it prioritizes
general temporal smoothness at the expense of precise trajectory adherence. We
provide an extended comparison with ReCamMaster in the supplementary ma-
terial. Ultimately, our method achieves the most harmonious balance across all
metrics, ensuring both precise camera control and superior perceptual quality.

5.4 Ablation Study

Analysis of Proposed Components. We perform an ablation study on
AugMCYV test set by progressively adding each of the proposed components. As
shown in Table [3] and Fig. [6] the baseline without warping module and data
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Table 4: Ablation study of our augmentation strategies on WebVid dataset. Best
scores per metric are in bold.

Method Rot.,  Trans.,  FIDJ FVDJ S.C.1 M.S.+

w/ MCV+SCV  4.158 1.441 47.949 235.958 0.950 0.992
w/ AugMCV 3.368 0.839 40.384 235.563 0.952 0.992

augmentation fails to capture both the target trajectory and intrinsics, yielding
the lowest scores in all settings. Adding trajectory augmentation improves all
scores in Tab. [3|and results in a movement consistent with the target trajectory
in Fig. [6} however, it still fails to reflect the target intrinsics, offering comparable
performance to the baseline under different intrinsics setting in Tab. [3] Com-
bining intrinsic augmentation with trajectory augmentation enables the model
to better understand both shared and different intrinsic settings, although a
performance gap relative to the ground truth persists. Finally, introducing the
warping module, which explicitly warps the source latent using the target pose
and intrinsics, proves crucial for accurately aligning the results with the ground
truth, leading to substantial qualitative and quantitative improvements. We fur-
ther compare warping in the latent space against warping in pixel space in the
supplementary material.

Effectiveness of our augmentation strategy. We evaluate the proposed
trajectory-intrinsic augmentation scheme by comparing our model trained on
the AugMCV dataset with a model trained on the mixture of the MultiCamVideo
(MCV) dataset and the SynCamVideo (SCV) dataset. The SynCamVideo dataset
is a synchronized multi-camera video dataset rendered using Unreal Engine 5,
where the cameras are stationary and their corresponding poses are provided.
Unlike the MultiCamVideo dataset, the SynCamVideo dataset has different ini-
tial frame poses for the source and target videos. Jointly training on both
datasets is expected to mitigate the bias inherent in each dataset. However, as
shown in Table [4] our model trained with AugMCV outperforms the joint train-
ing approach, highlighting the superior effectiveness of our trajectory-intrinsic
augmentation.

6 Conclusion

In this work, we introduced InfCam, a depth-free framework that achieves pre-
cise camera control in video generation through infinite homography warping.
By encoding camera rotations in the latent space and learning residual paral-
lax, our method removes the dependence on external depth estimation modules
and erroneous reprojection results, resulting in high camera-pose accuracy with-
out depth prior. Combined with our trajectory-intrinsic augmentation strategy,
InfCam demonstrates superior performance across diverse camera motions and
focal lengths. InfCam consistently outperforms depth reprojection-based and
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trajectory-conditioned approaches across various metrics. Moving forward, we
aim to extend our framework to extreme novel view synthesis to overcome the
current constraints detailed in the supplementary material, particularly for un-
observed scene regions.
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