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Fig. 1: We propose MoCam, a method that unifies novel view synthesis through struc-
tured denoising dynamics. Existing methods rely on static guidance that entangles
geometry and appearance, often resulting in geometric collapse and visual artifacts.
MoCam introduces structured denoising dynamics that guide generation from motion
alignment to appearance refinement, producing coherent and photorealistic results.

Abstract. Generative novel view synthesis faces a fundamental dilemma:
geometric priors provide spatial alignment but become sparse and inaccu-
rate under view changes, while appearance priors offer visual fidelity but
lack geometric correspondence. Existing methods either propagate geo-
metric errors throughout generation or suffer from signal conflicts when
fusing both statically. We introduce MoCam, which employs structured
denoising dynamics to orchestrate a coordinated progression from geom-
etry to appearance within the diffusion process. MoCam first leverages
geometric priors in early stages to anchor coarse structures and tolerate
their incompleteness, then switches to appearance priors in later stages
to actively correct geometric errors and refine details. This design natu-
rally unifies static and dynamic view synthesis by temporally decoupling
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geometric alignment and appearance refinement within the diffusion pro-
cess. Experiments demonstrate that MoCam significantly outperforms
prior methods, particularly when point clouds contain severe holes or
distortions, achieving robust geometry-appearance disentanglement.
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1 Introduction

Novel view synthesis aims to create photorealistic views from arbitrary camera
trajectories given limited input, and it remains a fundamental challenge in com-
puter vision with broad applications in virtual production, immersive reality, and
content creation. This encompasses two closely related problems: single-image
3D reconstruction, where a static scene is reconstructed from one photograph,
and video 4D re-camera, where dynamic scenes are rendered along new camera
paths given a monocular video. Success in both settings requires reconciling pre-
cise geometric control with high-fidelity appearance synthesis, particularly when
the target viewpoint significantly deviates from the input.

Recent advances in diffusion models [3, 18, 34, 40] have enabled impressive
progress in both domains. For 3D reconstruction, methods like ViewCrafter [45],
VistaDream [35], and SpatialCrafter [49] leverage reconstructed geometry to
guide novel view synthesis. For 4D re-camera, approaches such as Gen3C [30]
and TrajectoryCrafter [44] employ 3D scaffolds (e.g ., point clouds) to render
target-view videos with explicit camera control. However, these methods share a
critical vulnerability: they rely on geometric priors (depth maps or point clouds
reconstructed from monocular input) that inevitably become sparse, incomplete,
and erroneous under large view changes. Existing pipelines either propagate
these geometric flaws throughout generation [30,44] or attempt to fuse geometry
and appearance statically, causing signal conflicts that degrade both structure
and texture (see Fig. 1), limiting their applicability in settings that demand
high-fidelity and precise cinematic control.

We argue that this bottleneck stems from a fundamental tension between two
complementary yet incompatible signal sources. Rendered geometric scaffolds
provide essential spatial alignment with target trajectories but suffer from holes
and distortions due to disocclusion and depth inaccuracy. Conversely, source im-
ages/videos offer rich, high-fidelity appearance but are geometrically misaligned
with novel views. Crucially, these signals cannot be effectively combined simul-
taneously: early in generation, strong appearance cues dominate and cause ge-
ometric drift; late in generation, flawed geometry permanently bakes structural
errors into the output.

To resolve this, we introduce MoCam, a framework that exploits structured
denoising dynamics to temporally decouple geometry and appearance priors
within the diffusion process. Our key insight is that diffusion models exhibit dis-
tinct representational needs across denoising phases: early stages require coarse
structural anchoring, while later stages demand high-frequency refinement. Mo-



MoCam 3

Cam orchestrates a coordinated progression: in early timesteps, the model con-
ditions solely on rendered scaffolds to establish global structure and motion
coherence, deliberately tolerating geometric incompleteness. As denoising pro-
gresses and the latent stabilizes, MoCam transitions to conditioning on the source
appearance. At this stage, the established geometry enables the model to use ap-
pearance not merely for texture transfer, but to actively correct geometric errors
and fill disoccluded regions without destabilizing the overall structure.

Notably, this mechanism naturally provides a unified solution for both static
and dynamic view synthesis. By structuring the denoising process to first estab-
lish geometry and then refine appearance, MoCam separates geometric alignment
from appearance synthesis in a manner that is independent of the input modal-
ity. As a result, the same generation principle applies to both single-image 3D
view synthesis and video 4D re-camera, highlighting that our approach addresses
the underlying challenge of synthesizing views under unreliable geometry.

By transforming denoising into a structured progression from alignment to
realism, MoCam achieves robust geometry-appearance disentanglement. Even
when point clouds contain severe holes or distortions, our method generates geo-
metrically coherent and photorealistic results, significantly outperforming static
conditioning approaches (Fig. 1).

In summary, our contributions are threefold:

– We identify the fundamental conflict between geometric and appearance pri-
ors in generative view synthesis, and propose structured denoising dynamics
as a principled solution that temporally decouples these signals.

– We present a unified framework for both single-image 3D reconstruction and
video 4D re-camera, demonstrating that stage-wise conditioning generalizes
across input modalities.

– We show that active geometric error correction through late-stage appear-
ance signal achieves state-of-the-art robustness under sparse and inaccurate
geometry, setting new standards for controllable view synthesis.

2 Related Works

Optimization-Based Novel View Synthesis. A classical approach to novel
view synthesis involves reconstructing a 3D or 4D representation from posed
images. Neural Radiance Fields (NeRF) [26] transformed this field by represent-
ing a static scene as a continuous volumetric function, enabling unprecedented
photorealism. More recently, 3D Gaussian Splatting (3DGS) [17] has achieved
comparable or superior quality with real-time rendering by modeling the scene
as a set of explicit 3D Gaussians. Extending such methods to dynamic scenes,
which is essential for video re-camera, requires modeling temporal evolution [51].
One strategy learns 4D representations that map spacetime coordinates to scene
properties [4, 7, 9, 10, 21, 22, 25, 39, 50], while another explicitly models motion
through deformation fields [8, 20, 23, 24, 29, 32, 36, 41]. Although powerful, these
approaches typically require dense multi-view video and involve costly per-scene



4 H. Liu et al.

optimization. When limited to monocular input, both reconstruction quality
and appearance fidelity degrade significantly. In contrast, our method avoids
per-scene optimization entirely, instead leveraging the generative priors of large-
scale video models to synthesize photorealistic and geometrically consistent re-
sults from a single input video.

Generative Novel View Synthesis. Recent single-view 3D reconstruction
methods [6, 31, 47] leverage pretrained image diffusion models to enable view
synthesis from single images. However, generating smooth camera trajectories
rather than isolated views requires temporal consistency, motivating the shift
to video generative models [3, 18, 34, 40]. For instance, ViewCrafter [45] har-
nesses video diffusion to synthesize high-fidelity view sequences along camera
paths. Extending these methods to dynamic scenes for 4D video re-camera in-
troduces further complexity, as the generation process must simultaneously han-
dle temporal dynamics and viewpoint changes. Existing approaches fall into two
categories. The first injects camera pose information directly into the model’s
conditioning mechanism [1, 2, 19, 33, 38], offering end-to-end generation but of-
ten lacking geometric accuracy, especially for complex or large-scale trajectories.
The second category follows a render-then-inpaint strategy [5, 16, 30, 43, 44, 46],
where a 3D scaffold (e.g., a point cloud) is reconstructed from the source video,
rendered along the target path, and then refined using a video inpainting model.
Gen3C [30] constructs a spatiotemporal 3D cache to guide generation, while Tra-
jectoryCrafter [44] introduces a Ref-DiT block for reference-based conditioning.
Although these methods better enforce target-view geometry, they suffer from
a key bottleneck: the rendered scaffold is built on sparse and inaccurate geome-
try, which permanently bakes errors into the generation process. The inpainting
stage inherits these flaws and lacks the capacity to correct them. Our method ad-
dresses this limitation by introducing a temporally structured guidance strategy.
By decoupling geometry and appearance over the denoising process, it mitigates
error propagation and improves stability under large camera motions.

Conditioning Mechanisms in Diffusion Models. Conditioning is the core
mechanism for controllability in diffusion models. Techniques such as Control-
Net [48] and T2I-Adapter [27] allow spatial control using depth maps or other
signals, while IP-Adapter [42] enables lightweight image-prompt conditioning.
These approaches typically apply static guidance, using the same control signal
across all timesteps. More recent work has begun to explore dynamic condition-
ing. TSM [52] and DMP [12] demonstrate that adjusting or switching control
inputs over time can significantly improve generation quality. Building on this
idea, our method introduces a dynamic conditioning scheme tailored to video re-
camera. We design a stage-wise handover between two complementary but con-
flicting inputs: a geometrically aligned yet flawed scaffold, and a view-disaligned
but visually rich reference video. This design specifically resolves the error prop-
agation problem by aligning each guidance signal with the stage of denoising
where it is most effective.
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Fig. 2: Overview of the MoCam Framework. Given a source video xsrc (or a single
image repeated for N frames), a geometrically-aligned but imperfect scaffold video
xtgt

ren is first rendered along the target trajectory ψtgt. After encoding these conditions
into latent space, the model processes the initial noise z0 via the proposed structured
denoising dynamics. Specifically, in the early stage, the denosing is guided by the
scaffold condition cren to establish geometrically-aligned noise zT_switch. Subsequently,
the signal switches to the original source condition csrc to obtain the clean latent
ztgt with refined appearance and decode it as the target video xtgt. This temporal
decoupling of conditions prevents the propagation of scaffold errors, enabling stable
and photorealistic synthesis.
3 MoCam

In this section, we present MoCam, a novel framework to generate novel views
based on video model. The core challenge is maintaining geometric and temporal
consistency, especially under complex camera movements. Our approach is built
on the key insight that different types of conditions are optimal at different
stages of the generation process. Specifically, our method consists of three main
stages, as illustrated in Fig. 2: (1) We first construct a dynamic point cloud
from the monocular input video (or a single image replicated to N frames, i.e.,
a stationary video) and render it along the target trajectory to create a coarse
scaffold video. (2) We then use this scaffold video and the original source video
as dual conditioning inputs to our novel stage-Wise generation model. (3) The
model first enforces the coarse structure using the scaffold, then switches to the
source video to perfect the appearance and geometry.

3.1 Preliminary: Video Generative Models

Since our method builds upon a video generative model, we first provide a brief
overview of its fundamental principles. For computational efficiency, modern
video generative models [3, 18, 34, 40] operate not in the high-dimensional pixel
space but in a compressed latent space. This space is constructed by a pre-trained
Variational Autoencoders (VAEs) [37]. The VAE consists of an encoder E that
compresses an input video x ∈ RN×H×W×3 into a compact latent representation
z = E(x) ∈ Rn×h×w×c, and a decoder D that reconstructs the video x̂ = D(z)
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from this latent representation. Upon this latent space, a generative model fθ
is trained to model the data distribution. This is typically achieved through
one of two primary training paradigms: a denoising diffusion objective or a flow
matching objective. Under the denoising diffusion schema, the model learns to
reverse a process that gradually adds noise to the data. The objective is to
predict the noise added to a latent representation:

min
fθ

Ez0,z1,t,c∥fθ(zt, t, c)− z0∥22. (1)

Alternatively, under the flow matching schema, the model learns a vector field
that transports samples from a simple prior distribution to the data distribution:

min
fθ

Ez0,z1,t,c∥fθ(zt, t, c)− vt∥22, (2)

where z1 = E(x) is the latent encoding of a real video sampled from the data
distribution pdata, and z0 ∼ N (0, I) is a random latent sampled from a standard
Gaussian prior. The variable t ∈ [0, 1] is a continuous time step, and c represents
optional conditioning information (such as text prompts or image frames). For
the denoising objective, zt is a noisy latent created by interpolating between
z1 and z0 according to a noise schedule (e.g ., zt = αtz1 + σtz0). For the flow
matching objective, zt is typically a linear interpolation zt = (1− t)z0+ tz1, and
the target velocity is vt = z1−z0. Crucially, the timestep t represents not merely
a noise level, but a progression from global structure to local detail—a property
we exploit in our stage-wise conditioning strategy.

3.2 Scaffold Generation

The first step of our pipeline is to generate a coarse video draft that is spatially
and temporally aligned with the target camera trajectory. This scaffold video,
denoted as xtgtren, serves as the initial structural guide for our diffusion model.

Given a source video xsrc = {Isrci }Ni=1 ∈ RN×H×W×3, we first leverage a
depth estimator to acquire its depth dsrc = {Dsrc

i }Ni=1. We then follow the inverse
perspective projection Φ−1 to construct a dynamic point cloud p = {Pi}Ni=1:

p = Φ−1(xsrc, dsrc,K), (3)

where K ∈ R3×3 denotes the camera intrinsic. We refer this dynamic point
cloud p as the 3D scaffold, which provide us a way to precisely control the
camera trajectory. Specifically, conditioned by a target camera trajectory ψtgt =

{Ψ tgt
i }Ni=1, we render the target video xtgt = {Itgti }Ni=1 ∈ RN×H×W×3 from p

following the perspective projection Φ:

xtgtren = Φ(p, ψtgt,K). (4)

As shown in Fig. 2, the rendered scaffold video spatially aligns with the target
camera motion. However, due to the inherent limitations of monocular input,
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this video suffers from significant artifacts: holes from disocclusion, and geomet-
ric distortions, particularly in views far from the original camera path. While
unsuitable as a final output, it provides an invaluable, spatially-aligned motion
prior for the initial stages of generation.

3.3 Stage-Wise Dual-Conditioning Diffusion

The proposed latent video generative model integrates conditions from two dis-
tinct sources—the scaffold video xtgtren and the source video xsrc—at different
phases of the generation process. We build upon a pretrained latent video dif-
fusion architecture [34], which is trained to denoise a noisy latent variable zt at
timestep t. Our innovation lies in how we formulate the conditioning
term c.

We design a stage-wise dual-conditioning architecture. Each stage is respon-
sible for processing one of our condition signals:
Spatial Scaffold Condition. To inject the strong motion and structural prior
from the scaffold video xtgtren, we follow the frame dimension conditioning to retain
temporal synchronization [2]. Particularly, xtgtren is first projected into the latent
space by the VAE encoder E , ztgtren = E(xtgtren), i.e., conditioning term cren. After
that we concatenate the cren with the initial noise z0 along the frame dimension
as the input of the video model. This provides direct, spatially-explicit guidance,
forcing the generated output to conform to the layout and motion defined by
the scaffold.
Reference Appearance Condition. Unlike the scaffold video xtgtren that con-
tain spatial-aligned information, the source video xsrc emphasizes high-fidelity
appearance and object dynamics of the scene. It forms a complement relation-
ship with the xtgtren during the video generation process, in which xtgtren provide
geometry signal and xsrc supplement the appearance signal. The conditioning of
xsrc is the same as xtgtren: E , zsrc = E(xsrc), i.e., conditioning term csrc, then con-
catenated along the frame dimension. This mechanism is effective at transferring
content and texture, making it ideal for our view-disaligned source video.
Why Stage-wise Conditioning is Necessary. An intuitive way to leverage
these two kinds of condition (i.e., cren and csrc) is to concatenate them together
with the initial noise z0 and let the model to learn the combinative condition by

Fig. 3: Results of different guiding methods.

itself. Though cren and csrc exhibit
the mentioned-above complement
relationship, they also contain con-
flicting signal to each other, i.e.,
the different camera movements.
Since the camera movement of csrc
is different with cren, it introduces
interference against the guidance of
cren, which may confuse the model
learning and decrease the final ef-
fectiveness. Fig. 3 illustrates the re-
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sults of such conditioning. Besides,
persistent exposure to cren’s geometric errors causes irreversible structural arti-
facts. See experiment (Sec. 4.3) for detail discussion.

To circumvent this conflict, our approach MoCam is motivated by the inher-
ent behavior of diffusion models. We align our conditioning strategy with the
progressive denoising process, prioritizing the establishment of global structure
in early stages before refining high-frequency details in later ones. The central
novelty of MoCam is the structured denoising dynamics, where we temporally
align these two conditioning signals with respective denoising timesteps t. The
model’s prediction is conditioned on a time-dependent context c(t):

fθ(zt, t, c(t))

where c(t) is defined by a switch at a pre-defined timestep threshold Tswitch:

c(t) =

{
cren if t > Tswitch

csrc if t ≤ Tswitch

(5)

The intuition is as follows:

– Early Stage (t > Tswitch): Geometry Anchoring. The latent zt is mostly noise.
The model’s primary task is to establish the global structure and motion of
the video. By using cren, we force the generation to adhere to the target
camera trajectory from the very beginning.

– Later Stage (t ≤ Tswitch): Active Error Correction & Refinement. The latent
zt already contains a coherent, low-frequency structure that aligns with the
target structure. The task now shifts to synthesizing high-frequency details,
refining appearance, and correcting geometric inaccuracies. We switch to
csrc, which provides a rich source of clean textures and consistent object ap-
pearance. Because the coarse structure is already established, the model can
use this high-fidelity reference to “inpaint” and “correct” the structure inher-
ited from the first stage, without being corrupted by the scaffold’s persistent
errors.

This deliberate handover prevents the scaffold’s flaws from being “baked in” dur-
ing the final, high-fidelity synthesis steps, effectively resolving the core limitation
of static pipelines. As shown in Fig. 2, the clean latent ztgt is put into the decoder
for the final output video xtgt:

xtgt = D(ztgt) (6)

4 Experiments

We implement MoCam by building upon the pretrained Wan2.2 video diffu-
sion model [34] and train it using 20,000 data pairs from the MultiCamVideo
dataset [2]. Each training sample consists of a reference video, the resulting scaf-
fold video, and the ground-truth target video. For scaffold generation, we use



MoCam 9

Table 1: Quantitative 3D reconstruction comparisons on the OpenVid dataset. BC:
Background Consistency, SC: Subject Consistency, IQ: Imaging Quality, RotErr: Ro-
tation Error, TransErr: Translation Error. Cells highlighted in red and yellow denote
the best and second-best performance.

VBench Perceptual Quality Pose Accuracy
Methods BC ↑ SC ↑ IQ ↑ FVD-V ↓ CLIP-V ↑ RotErr ↓ TransErr ↓
GEN3C 0.9295 0.9076 0.6909 289.37 0.80 1.36 5.12

TrajCrafter 0.9241 0.9070 0.6700 313.65 0.79 1.36 5.11
ReCam 0.9016 0.8818 0.5842 355.26 0.77 2.13 5.79
Ours 0.9334 0.9250 0.6961 255.16 0.87 1.35 5.11

Fig. 4: Qualitative results for single-view 3D reconstruction.
ViPE [14] for depth and camera estimation. The model is trained for 20,000
steps on eight GPUs with a learning rate of 1e-5 and batch size of 8. Tswitch is
set as 0.85 empirically.

4.1 Evaluation on In-the-wild Benchmark

To provide a broad quantitative assessment, we collected 100 monocular videos
from OpenVid-1M [28] and generated outputs for 9 distinct camera trajectories
per video, including orbital, translational, and zoom motions. These monocular
videos serve as direct input for the 4D re-camera experiments. For single-view
3D reconstruction, we randomly sample one frame from each video and repli-
cate it to N frames. Our evaluation metrics include: (1) background consistency,
subject consistency and imaging quality from VBench metrics [15], (2) FVD-V
and CLIP-V that calculate FVD and CLIP scores between different viewpoints,
(3) pose accuracy: rotation error and translation error [13].
3D Reconstruction Qualitative Results. Fig. 4 visualizes single-view syn-
thesis results. GEN3C and TrajCrafter struggle with the extreme sparsity of
single-image point clouds, leading to structural distortions. ReCamMaster fails
to infer correct 3D layouts without explicit geometry. In contrast, MoCam lever-
ages structured denoising dynamics to overcome this sparsity: we first anchor
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Fig. 5: Qualitative results from in-the-wild videos. The first example illustrates an
’orbit-to-left’ trajectory, while the second example demonstrates a camera motion that
initially moves to the top-left with zoom-in, followed by a transition to the bottom-
right with a corresponding zoom-out.

plausible geometry using the limited scaffold, then refine appearance, yielding
coherent and detailed results.
3D Reconstruction Quantitative Results. Tab. 1 demonstrates our superi-
ority. MoCam significantly outperforms competitors in perceptual quality (e.g.,
FVD-V 255.16 vs. 289.37) and achieves the lowest pose errors. This confirms that
our structured denoising strategy effectively maintains both high perceptual fi-
delity and precise camera control, effectively handling the geometric ambiguity
inherent in single-view 3D reconstruction.
4D Re-Camera Qualitative Results. Fig. 5 presents a qualitative compari-
son against state-of-the-art methods across diverse scenes and camera trajecto-
ries. Methods based on 3D scaffolds, like GEN3C [30] and TrajectoryCrafter [44],
successfully follow the target movement but suffer from severe geometric degra-
dation. For instance, in the first example, the cat’s body becomes distorted as
the camera orbits. Similarly, in the second example, the human’s arm collapses
unrealistically. These artifacts are direct consequences of error propagation from
the sparse and inaccurate point cloud reconstruction. The implicit condition-
ing method, ReCamMaster [2], struggles to maintain geometric consistency and
fails to follow the complex trajectory, resulting in chaotic and unusable outputs.
In contrast, MoCam generates results that are both geometrically coherent and
photorealistic. Our method correctly preserves the 3D structure of the subjects
(the cat’s volume, the person’s limbs) while rendering high-fidelity textures, even
under significant view changes. We provide more dynamic results in the supple-
mentary video.
4D Re-Camera Quantitative Results. As shown in Tab. 2, MoCam achieves
the highest scores across the majority of metrics, notably in background consis-
tency, subject consistency, and imaging quality, outperforming all competitors by
significant margins. This confirms that our method not only maintains the iden-
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Table 2: Quantitative 4D re-camera comparisons on the OpenVid dataset. BC: Back-
ground Consistency, SC: Subject Consistency, IQ: Imaging Quality, RotErr: Rotation
Error, TransErr: Translation Error. Cells highlighted in red and yellow denote the best
and second-best performance.

VBench Perceptual Quality Pose Accuracy
Methods BC ↑ SC ↑ IQ ↑ FVD-V ↓ CLIP-V ↑ RotErr ↓ TransErr ↓
GEN3C 0.9270 0.9067 0.6908 291.13 0.79 1.36 5.13

TrajCrafter 0.9235 0.9062 0.6697 317.08 0.80 1.38 5.12
ReCam 0.8977 0.8801 0.5837 361.98 0.76 2.15 5.82

Scaffold-Only 0.8898 0.8448 0.4807 359.38 0.76 1.37 5.10
Scaffold-Early 0.9139 0.9053 0.6172 273.19 0.83 1.37 5.13
Static-Both 0.9190 0.9203 0.6740 242.81 0.87 2.71 11.01

Ours (Wan2.1) 0.9330 0.9248 0.6931 253.13 0.84 1.37 5.11
Ours 0.9332 0.9247 0.6932 260.05 0.85 1.36 5.12

Fig. 6: Quantitative results of VBench metrics
on various motion magnitudes.

Table 3: Quantitative comparisons on
iPhone Dataset. Cells highlighted in
red and yellow denote the best and
second-best performance.

Methods PSNR↑ SSIM↑ LPIPS↓ FVD↓
GEN3C 12.36 0.4028 0.5112 260.15

TrajCrafter 13.74 0.4555 0.4819 273.36
ReCam 11.44 0.3768 0.5622 301.41
Ours 14.60 0.4581 0.4213 180.35

tity and structure of the main subject but also produces more visually pleasing
and realistic images. Besides, MoCam achieves this superior perceptual quality
without sacrificing geometric precision, maintaining the lowest rotation error
and competitive translation error.

Robustness to Geometric Degradation. Geometric degradation under large
view changes poses a fundamental challenge to all view synthesis paradigms. For
scaffold-based methods, large camera motions induce severe geometric sparsity
(disocclusion holes, depth inaccuracy); for scaffold-free implicit methods like Re-
CamMaster, the same motions cause geometric drift due to the lack of explicit
spatial constraints. We design an experiment to measure robustness to this uni-
fied challenge, using motion magnitude as a controlled proxy to induce progres-
sive geometric degradation. Starting from a modest 30-degree orbit (minimal
geometric stress), we progressively increase motion magnitude to a challenging
90-degree trajectory. At 90 degrees, scaffold-based methods face extremely sparse
geometry, while implicit methods face severe misalignment between source and
target views. Fig. 6 plots performance as geometric degradation intensifies with
increasing motion. All competitors deteriorate under this stress test: GEN3C
and TrajectoryCrafter propagate errors from sparse, hole-ridden point clouds;
ReCamMaster, despite being scaffold-free, suffers catastrophic geometric drift
without early-stage structural anchoring. MoCam maintains consistently high
scores because its stage-wise decoupling addresses both failure modes: the early
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Fig. 7: Qualitative results on various motion scales. The models are inferred under
camera trajectories with three different scales of orbit degree.

geometry-anchoring stage prevents drift (solving ReCamMaster’s vulnerability),
while the late appearance stage corrects sparse geometric errors (solving scaffold-
based methods’ vulnerability). The qualitative results in Fig. 7 confirm this: as
geometric degradation increases, previous methods produce warped, broken, or
drifted figures, while MoCam renders coherent subjects by leveraging geometry
for structure without being corrupted by its sparsity.

4.2 Evaluation on Multi-view Video Benchmark

While our primary focus is on in-the-wild monocular videos, we also conduct
experiments on a multi-view dataset to enable evaluation with pixel-wise metrics.
Following the setup of TrajectoryCrafter [44], we use the iPhone dataset [11],
treating one moving camera view as the monocular input and a static camera
view as the ground-truth target.
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Fig. 8: Qualitative results on iPhone Dataset.

Fig. 9: Ablation results on structured denoising dynamics.

Tab. 3 shows that MoCam significantly outperforms other methods on PSNR,
SSIM, LPIPS and FVD. The strong improvement in LPIPS and FVD, percep-
tual metrics for perceptual quality, is particularly noteworthy, indicating that our
generated views are perceptually closer to the ground truth. This demonstrates
that our timestep-gated conditioning not only improves general coherence but
also preserves geometric and appearance details with high fidelity. The qualita-
tive results in Fig. 8 corroborate this; for instance, notice the finer details on
the subject’s clothing and the more accurate facial structure rendered by our
method compared to the blurry or distorted results from others.

4.3 Ablation Studies

We conduct a series of ablation studies to dissect the contributions of our key
design choices.

Effectiveness of Structured Denoising Dynamics. To validate our core
hypothesis that a temporally-aligned structured denoising generation is essential,
we compare MoCam against several variants. The variants are: (1) Scaffold-Only :
The model is conditioned only on the scaffold video cren for all timesteps. (2)
Scaffold-Early : The model is conditioned on the scaffold video cren only during
the early timesteps (t > Tswitch), with no explicit conditioning in the later stages.
This variant tests the hypothesis that simply removing the flawed scaffold signal
is sufficient to mitigate artifact propagation. (3) Static-Both: Both scaffold and
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reference conditions (i.e., cren and csrc) are provided simultaneously throughout
the entire denoising process.

As shown in Tab. 2, MoCam significantly outperforms all variants, demon-
strating the advantage of the proposed structured denoising dynamics, and Fig. 9
qualitatively illustrate the results. The ‘Scaffold-Only’ baseline collapses across
all metrics (IQ merely 0.4807), proving that persistent geometric conditioning
permanently bakes scaffold errors into the output. The ‘Scaffold-Early’ model
successfully avoids inheriting the worst point cloud artifacts, but without the
reference signal in the later stages, it struggles to synthesize fine-grained, scene-
consistent textures and often produces blurry or generic details in disoccluded
regions. The ‘Static-Both’ model suffers catastrophic geometric instability (Ro-
tation Error 2.71, Translation Error 11.01) despite competitive perceptual scores,
validating that simultaneous conditioning creates signal interference. In contrast,
MoCam leverages the strengths of both signals in sequence: it first establishes
correct geometry with the scaffold and then actively corrects its flaws and re-
fines photorealism using the reference video. These results validate that merely
removing imperfect geometry (Scaffold-Early) or adding appearance statically
(Static-Both) is insufficient; the deliberate stage-wise handover is essential to
resolve the geometry-appearance conflict.

Generalization across Different Backbones. To further validate the robust-
ness of our approach, we extend our ablation studies to different video generation
backbones. Specifically, we further evaluate our method on both Wan2.1. As il-
lustrated in Fig. 9, the qualitative comparison demonstrates that our method
achieves comparable high-fidelity results on Wan2.1, similar to the performance
observed on Wan2.2. This consistency across different architectures confirms that
our method is robust to the choice of backbone. More importantly, it provides
strong evidence that the performance gains stem from our proposed structured
denoising dynamics, rather than depending on a specific video model architec-
ture. Quantitative results in Tab. 2 also demonstrate its generalization ability.

Robustness of Depth Estimation. Monocular depth estimation inevitably
introduces inaccuracies that propagate into point cloud reconstructions. Our
stage-wise mechanism tolerates these imperfections: early geometry anchoring
prevents structural drift, while late appearance correction rectifies artifacts

Fig. 10: Depth Robustness.

before they are baked into the final output.
Fig. 10 validates this robustness under depth
errors, where MoCam maintains coherence
despite perturbed inputs: lights distorted by
inaccurate depth in the scaffold are success-
fully corrected in the final output, demon-
strating that MoCam explicitly compensates
for reconstruction noise rather than relying
on perfect geometry.
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4.4 Comparison with 3D-based method

We further compare our method with ViewCrafter [45] on single-view 3D recon-
struction both qualitatively and quantitatively. Fig. 11 shows that ViewCrafter
introduce geometry distortion and view coherence (e.g ., the tire in the first
sample and the text in the second sample), while ours maintain correct shape
due to its structured denoising dynamic mechanism. The quantitative results in
Tab. 4 also demonstrates our method achieve better visual quality and structure
accuracy as well.

Fig. 11: Qualitative results for single-view 3D reconstruction.

Table 4: Quantitative 3D reconstruction comparisons on the OpenVid dataset. BC:
Background Consistency, SC: Subject Consistency, IQ: Imaging Quality, RotErr: Ro-
tation Error, TransErr: Translation Error.

VBench Perceptual Quality Pose Accuracy
Methods BC ↑ SC ↑ IQ ↑ FVD-V ↓ CLIP-V ↑ RotErr ↓ TransErr ↓

ViewCrafter 0.9268 0.9082 0.6836 308.24 0.79 1.39 5.14
Ours 0.9334 0.9250 0.6961 255.16 0.87 1.35 5.11

5 Conclusion

We presented MoCam, a unified 3D/4D view synthesis framework that addresses
sparse and erroneous geometry through structured denoising dynamics. By tem-
porally decoupling geometry and appearance, early scaffold anchoring followed
by late-stage error correction, our method prevents propagation of point cloud
flaws without sacrificing geometric control. This stage-wise design achieves ro-
bustness to the imperfect reconstruction inevitable in monocular settings. Future
work may explore joint scaffold-video refinement.
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