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Figure 1. FreeOrbit4D enables training-free camera redirection from a single monocular video to arbitrary target trajectories. Given a
source video and a target trajectory, our method produces redirected videos with faithful appearance and temporal coherence under large-
angle camera motions, including bullet-time orbits.

Abstract

Camera redirection aims to replay a dynamic scene from a
single monocular video under a user-specified camera tra-
jectory. Large-angle redirection is inherently ill-posed: a
monocular video provides only partial observations of the
underlying 4D world, and existing methods break down un-
der large viewpoint changes due to missing visual ground-
ing. We present FreeOrbit4D, a training-free framework
that recovers a foreground-complete 4D proxy as structural
grounding for video generation. We decouple foreground
and background reconstructions: the monocular video is
unprojected into a global scene space, while an object-
centric multi-view diffusion model completes occluded fore-
ground geometry in canonical object space. Dense pixel-
synchronized 3D–3D correspondences align these repre-
sentations into a unified proxy, whose depth scaffolds con-
dition a video diffusion model for faithful novel-view syn-

thesis. Extensive experiments show that FreeOrbit4D pro-
duces more faithful and temporally coherent redirected
videos under challenging large-angle trajectories. Project
page: https://freeorbit4d.vision.ischool.
illinois.edu/

1. Introduction
Camera redirection synthesizes novel video sequences from
a source video along a user-specified camera trajectory [2,
7, 9, 33], with applications in autonomous driving [5, 36,
37], AR/VR [1], and bullet-time effects [6, 25]. However,
this task is inherently ill-posed: a monocular video provides
only partial observations of the underlying 4D world, and
recovering complete geometry from this limited input re-
mains challenging. Recent methods follow two paradigms:
implicit control [2, 7, 9] encodes trajectories as learned em-
beddings but offers only soft controllability; explicit warp-
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Figure 2. Overview of FreeOrbit4D. Our framework constructs a foreground-complete 4D proxy through two branches: Global Scene
Reconstruction recovers background and partial foreground, while Canonical Object Completion reconstructs complete foreground via
multi-view synthesis. After alignment, depth maps rendered from the proxy condition a video diffusion model for novel-view synthesis.
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Figure 3. Decoupled 4D reconstruction and alignment pipeline. Left: A dynamic-aware feed-forward network lifts Vsrc into global
scene space, producing static background Pbg and geometrically incomplete foreground P̃fg

t . Middle: An object-centric video diffusion
model synthesizes multi-view images, from which VGGT reconstructs complete foreground geometry P̂fg

t in canonical object space.
Right: Dense 3D-3D correspondences enable per-frame spatial alignment (st, tt) followed by Kalman filtering, yielding the unified
foreground-complete 4D proxy P = Pbg ∪ {Pfg

t }Tt=1.

ing [10, 23, 32] warps observed pixels via depth but leaves
occluded regions unfilled. Neither achieves both precise
control and complete visibility for large-angle redirection.

We propose FreeOrbit4D, a training-free framework for
arbitrary camera redirection via foreground-complete 4D
reconstruction. We decouple the problem into global scene
lifting (in world space) and foreground geometry comple-
tion (in canonical object space), then unify them through
dense pixel-synchronized 3D–3D correspondences. The re-
sulting 4D proxy is distilled into depth maps that condition
a video diffusion model [28] for faithful large-angle view
synthesis. Our contributions:

• A training-free method for foreground-complete 4D re-
construction via global scene lifting, object completion,
and 3D correspondences.

• A camera redirection framework for large-angle view
synthesis with strong spatio-temporal consistency.

• State-of-the-art results validated by experiments and a
user study; the 4D proxy further enables edit propagation
and data generation.

2. Related Work

Camera-controlled video generation. Recent methods en-
code camera trajectories as learned embeddings [2, 7, 9, 17]
or geometric representations such as Plücker coordinates [7,
34] and PRope [11, 16] to control video diffusion mod-
els [3, 15]. However, these implicit approaches offer only
soft controllability and often fail to follow prescribed trajec-
tories due to the absence of explicit geometric constraints.

Reconstruction-grounded 4D generation. Another line of
work [4, 23, 24, 26, 32, 33, 35] reconstructs 4D representa-
tions from monocular video via NeRF [18, 25] or Gaussian
Splatting [14], renders partial views, and relies on diffu-
sion models to complete missing regions. However, the un-
derlying geometry is limited to observed surfaces, making
large-angle redirection unreliable. Our method addresses
this by constructing a foreground-complete 4D proxy via
correspondence-aware alignment.



Table 1. Quantitative comparison and user study. VBench for perceptual quality, DINO/CLIP-SIM for similarity, FID-V/FVD-V for
distributional fidelity, and user ratings (1–5). Bold: best; underline: second-best.

VBench ↑ Similarity & Fidelity User Study

Method
Subject BG Motion Overall Aesth. Imaging DINO-SIM CLIP-SIM FID-V FVD-V Overall Motion Stab.
Consis. Consis. Smooth. Consis. Qual. Qual. (↑) (↑) (↓ ×102) (↓ ×103) (↑) (↑) (↑)

ReCamMaster 0.84 0.92 0.98 0.16 0.39 43 0.37 0.75 2.6 3.9 2.0 2.5 2.0
TrajectoryCrafter 0.80 0.91 0.94 0.19 0.47 53 0.47 0.79 2.0 3.6 2.8 3.2 2.9
EX-4D 0.76 0.89 0.94 0.16 0.42 46 0.28 0.69 3.2 3.8 2.0 2.5 2.0
GEN3C 0.79 0.88 0.95 0.18 0.42 49 0.43 0.75 2.3 3.3 2.4 3.5 2.3

Ours 0.88 0.94 0.96 0.24 0.52 64 0.65 0.84 1.7 3.6 4.6 4.5 4.5
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Figure 4. Qualitative comparison on “Swing”. The top-left inset shows our reconstructed 4D proxy and target trajectory. Existing
methods exhibit structural disintegration [2, 10] or geometric warping and semantic drift [23, 32]. Our method generates sharp details and
stable geometry by anchoring pixels to the foreground-complete proxy.
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Figure 5. Applications. Top: Appearance editing—a single
edited reference frame (e.g., zebra pattern or anime style) is propa-
gated consistently across all novel viewpoints via our foreground-
complete proxy. Bottom: Geometry editing—manipulating the
point cloud (scaling or compositing) produces plausible redirected
videos from modified 4D geometry.

3. Method

Given a monocular source video Vsrc and a target cam-
era trajectory, our goal is to synthesize a visually faith-
ful and temporally consistent target video Vtgt from the
target viewpoints. As shown in Fig. 2, our framework
has three stages: decoupled 4D reconstruction (Sec. 3.1),
correspondence-aware alignment (Sec. 3.2), and geometry-
conditioned video synthesis (Sec. 3.3).

3.1. Decoupled 4D Reconstruction

Since static scenes and moving objects exhibit fundamen-
tally different geometric characteristics, we decouple their
reconstructions into two complementary coordinate spaces.

Global Scene Reconstruction. We adopt a temporally-
aware feed-forward model [29, 38] that processes Vsrc and
predicts temporally consistent point maps P̃t ∈ RH×W×3

in a unified global coordinate system. Using semantic
masks Mt from SAM2 [22], we separate background and



foreground:

Pbg =

T⋃
t=1

{P̃t(u) | Mt(u) = 0},

P̃fg
t = {P̃t(u) | Mt(u) = 1},

(1)

where P̃fg
t captures only visible foreground surfaces from

the source viewpoint.
Canonical Object Completion. To complete occluded
foreground geometry, we extract the masked foreground
sequence {Ifgt }Tt=1 and feed it into a multi-view video
diffusion model [31], which synthesizes four novel-view
videos at 90◦ azimuthal intervals {I(k)t }Tt=1 (k = 1, . . . , 4).
VGGT [29] then reconstructs multi-view point maps from
all five views per frame:

P̂fg
t = ΦVGGT

(
Ifgt , I

(1)
t , . . . , I

(4)
t

)
∈ R5×H×W×3. (2)

After filtering background points using SAM2 masks and
color thresholding, we obtain the complete canonical fore-
ground:

P̂fg
t ={P̂t(u) | Mt(u) = 1}

∪
4⋃

k=1

{P̂(k)
t (u) | M(k)

t (u) = 1}.
(3)

3.2. Correspondence-Aware Alignment

We now align P̂fg
t (canonical space) to P̃fg

t (global space).
Since both P̃t and P̂t originate from the same source image
It, pixels at the same coordinate u correspond to the same
surface point, yielding dense 3D–3D correspondences:

Ct = {(P̂t(u), P̃t(u)) | Mt(u) = 1}. (4)

Monocular lifting cannot determine absolute depth scale,
which may vary across frames, causing per-point inconsis-
tencies in P̃fg

t . We therefore use P̃fg
t only to determine

the global placement (position and scale) while preserving
the geometry of P̂fg

t : Pfg
t = st P̂fg

t + tt, where (st, tt)
are estimated from Ct. To compensate for frame-to-frame
depth inconsistency, we smooth the centroid trajectory us-
ing a bidirectional Kalman filter with a constant-velocity
motion model, yielding the unified foreground-complete 4D
proxy P = Pbg ∪ {Pfg

t }Tt=1.

3.3. Geometry-conditioned Video Synthesis
Given the 4D proxy P and a target trajectory {πtgt

t }Tt=1, we
render depth scaffolds and synthesize the output:

Vtgt = ΦVDM

(
I1,

{
Render

(
P, πtgt

t

)}T

t=1
, c

)
, (5)

where ΦVDM is a depth-conditioned video diffusion
model [13, 28], I1 is the first source frame as appearance

Table 2. Ablation study. We progressively add multi-view gener-
ation (MVG) and Kalman filter smoothing (KF) to evaluate each
component’s contribution. Bold: best.

Method DINO-SIM (↑) CLIP-SIM (↑) FID-V (↓ ×102) FVD-V (↓ ×103)

Baseline 0.58 0.81 1.9 4.1
+ MVG 0.60 0.82 1.9 4.1
+ KF (Full) 0.65 0.84 1.7 3.6

reference, and c is a text prompt. Depth maps encode the
3D layout from the target viewpoint, enforcing cross-view
and temporal consistency.

4. Experiments
Setup. Our pipeline uses PAGE-4D [38], SAM2 [22],
SV4D2.0 [31], VGGT [29], and Wan2.2-VACE [13, 28]
on a single A40 GPU. We evaluate on DAVIS [20] and
online videos with 120◦–180◦ target rotations, reporting
VBench [12], DINO/CLIP-SIM [19, 21], FID/FVD-V [8,
27], and a 20-participant user study. We compare with Re-
CamMaster [2], TrajectoryCrafter [32], EX-4D [10], and
GEN3C [23].
Results. As shown in Fig. 4, baselines suffer from struc-
tural disintegration or geometric drift under large view-
point changes. Table 1 shows our method ranks first on
5/6 VBench dimensions, with the best DINO-SIM (0.65),
CLIP-SIM (0.84), and FID-V (1.7×102). In the user study,
we outperform all baselines across all axes, with particu-
larly large margins in motion accuracy (4.5 vs. 3.5).

4.1. Applications
Our explicit 4D representation enables two applications be-
yond camera redirection (Fig. 5). Appearance propaga-
tion: edits to a single reference frame (e.g., color, style
transfer via [30]) propagate to all viewpoints via consis-
tent depth scaffolds. 4D geometry manipulation: directly
modifying the point cloud (scaling, compositing) yields
plausible redirected videos.

4.2. Ablation Study
Tab. 2 evaluates each component. Removing multi-view
generation (MVG) degrades all metrics, showing geometry
completion is critical. Disabling Kalman filtering (KF) fur-
ther reduces performance, validating temporal smoothing.

5. Conclusion
We present FreeOrbit4D, a training-free framework for
camera redirection from monocular video. Built on a
foreground-complete 4D proxy as geometric scaffolds, our
method achieves state-of-the-art fidelity, temporal coher-
ence, and camera control under large viewpoint changes,
and further enables applications like appearance propaga-
tion and scene manipulation.
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