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Fig. 1. FreeOrbit4D enables training-free camera redirection from a single monocular video to arbitrary target camera trajectories. Given a source video (left)
and a target trajectory (middle), our method produces a redirected video (right) with faithful appearance and strong temporal coherence under large-angle
redirected camera motions, even including bullet-time orbits, demonstrated on diverse scenes and subjects.
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Camera redirection aims to replay a dynamic scene from a single monocular
video under a user-speci ed camera trajectory. However, large-angle redi-
rection is inherently ill-posed: a monocular video captures only a narrow
spatio-temporal view of a dynamic 3D scene, providing severely limited
observations of the underlying 4D world. The key challenge is therefore
to recover a complete and coherent plenoptic representation from this lim-
ited input, with consistent geometry and coherent motion. While recent
di usion-based methods achieve impressive visual generation quality, they
often break down under large-angle viewpoint changes far from the orig-
inal trajectory, where missing visual grounding leads to severe geometric
ambiguity and temporal inconsistency. To address this, we presane-
Orbit4D, an e ective training-free framework that tackles this geometric
ambiguity by recovering a foreground-complete 4D proxy as structural
grounding for video generation. We obtain this proxy by decoupling fore-
ground and background reconstructions: we unproject the monocular video
into a static background and partial foreground point clouds in a uni ed
global space, then leverage an object-centric multi-view di usion model to
synthesize multi-view images and reconstruct complete foreground point
clouds in canonical object space. By aligning the canonical foreground point
cloud to the global scene space via dense pixel-synchronized 3D 3D corre-
spondences and projecting the foreground-complete 4D proxy onto target
camera viewpoints, we provide geometric sca olds (e.g., depth/visibility
cues) that guide a conditional video di usion model. Extensive experiments
show that FreeOrbit4D produces more faithful and temporally coherent redi-
rected videos under challenging large-angle trajectories, and our foreground-
complete 4D proxy further opens a potential avenue for practical appli-
cations such as edit propagation and 4D data generatimject page:
https://freeorbit4d.vision.ischool.illinois.edu/
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Fig. 2. Comparison of video camera redirection paradigms. We com-
pare3representative approaches for camera redirection from monocular
video.(A) Implicit Control: Camera motion is specified via learned em-
beddings. Such implicit representations provide only so controllability:
text cannot precisely describe complex trajectories, and learned conditions
o en fail to follow the intended path (e.g., the turn to back instruction).
Moreover, training requires paired data, which is expensive and scdigp.
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1 Introduction
Camera redirection seeks to endow machines with the ability to

producing visible holes (red circles show Half Came(L) Ours: We re-
construct a foreground-complete 4D proxy that recovers both visible and
occluded foreground surfaces, then render it from target viewpoints as geo-
metric guidance for video generation. This enables precise camera control
with complete visibility from arbitrary viewpoints (green circle shows Com-
plete Camel ). The table summarizes the key trade-oX.and denote

synthesize novel video sequences from a source video along a user-full and no support, respectively.

speci ed camera trajectory [Bai et aR025; He et al2024; Hou
and Chen 2024; Yu et.&024]. For example, consider the video
interview footage in Fig. 1. Although recorded from a xed view-

2023]; enabling free-viewpoint camera redirection from a single

point, we can easily imagine the same scene from the side, back, or video would democratize these experiences for everyday capture.

top-down, by mentally reconstructing a 3D world and replaying its
dynamics from a virtual perspective. This capability is central to
applications such as Autonomous Driving [Cao et 2025; Zhou

et al 2023, 2025a], AR/VR [Azuma 1997], and cinematic e ects like
bullet-time replay from limited camera setups [Gao et 2021; Tian

et al 2023; Wang et aR025d; Zhang et a2025d]. Today, in industry,
such e ects rely on costly multi-camera rigs and multi-view recon-
struction techniques [Charatan et 22024; Chen et aP024; Jiang

et al 2025b; Kerbl et aP023; Mildenhall et ak021; Tancik et al
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However, camera redirection from a single monocular video is
inherently ill-posed. A monocular video captures only a narrow
spatio-temporal view of a dynamic 3D scene, providing highly par-
tial observations of the 4D world. The key challenge is to recover
a complete and coherent plenoptic representation from this lim-
ited input, with consistent geometry and coherent motion. While
prior methods can interpolate nearby novel views by reconstructing
observed surfaces [Kerbl et.&023; Mildenhall et al2021; Tian
et al 2023], they break down under large-angle viewpoint changes
far from the original camera trajectory. In these regimes, the ab-
sence of visual grounding introduces severe geometric ambiguity,
fundamentally limiting replay from arbitrary viewpoints.


https://freeorbit4d.vision.ischool.illinois.edu/
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To tackle the challenge, recent studies [Bai et2025; Gu et al
2025; Hou and Chen 2024; Hu et 2025; Huang et aP025a; Li
et al. 2025e; Luo et aP025b; Ren et aP025; You et aR024; Yu
et al 2025, 2024; Zhang et &1025a; Zheng et a2026] try to ex-
plore the generative power of video foundation models for camera
redirection. As shown in Fig. 2, these methods generally follow two
paradigms: implicit control and explicit warping. Implicit control
methods [Bai et al2025; He et aR024; Hou and Chen 2024] encode
camera trajectories as learned embeddings [Bai e2@25; He et al
2024; Hou and Chen 2024] or text prompts [Wang et2l25a] and
inject them into video di usion models; however, such implicit rep-
resentations o er only soft controllability and require expensive 4D
training data. Explicit warping methods [Hu et a2025; Ren et al
2025; Seo et 82024; Yu et ak025] instead estimate depth and warp
observed pixels to target viewpoints, but since only visible surfaces
are available, occluded regions produce un lled holes that must be
hallucinated by downstream generators [Wang et 2025a; Yang
et al 2024]. Neither paradigm achieves both precise camera control
and complete visibility of unseen regions, both essential for faithful
large-angle redirection.

In this paper, we propose FreeOrbit4D, an e ective training-free
framework for arbitrary camera redirection from a single monocular
video via foreground-complete 4D reconstruction. Our key idea is
to explicitly reason about and recover a complete 4D geometry
from partial monocular observations, and to use this geometry as
structural guidance for generative rendering at novel viewpoints.
By completing unseen geometry, our method resolves the ambiguity
that causes artifacts in prior work, enabling consistent synthesis
even when the target trajectory deviates signi cantly from the
original viewpoints.

Speci cally, we observe that reconstructing dynamic scenes from
monocular video and completing occluded object geometry are
fundamentally di erent tasks: the former requires temporally con-
sistent scene-level reasoning, while the latter demands multi-view
understanding of object shape. This motivates handling them in
distinct representation spaces: we unproject the source video into
a global scene space with geometrically incomplete foreground,
and complete the foreground geometry via multi-view synthesis
in canonical object space. While this separation yields tractable
sub-tasks addressable by existing techniques [Wang €2@25b;
Xie et al 2024; Zhou et aR025b], the key challenge lies in unifying
their outputs into a coherent whole. Our correspondence-aware
alignment addresses this by bridging canonical and global spaces
through dense pixel-synchronized 3D 3D correspondences, produc-
ing a uni ed foreground-complete 4D proxy without task-speci ¢
training. To interface this proxy with a video generator, we distill
it into view-dependent depth maps as conditioning [Wang et al
2025a). While depth is not full geometry, it compactly captures the
metric layout and visibility cues that enforce cross-view and tempo-
ral consistency. This conditioning enables faithful large-angle view
synthesis and paves the way for potential 4D data generation.

Our contributions are summarized as follows:

FreeOrbitdD = 3

We present a training-free method that achieves foreground-
complete 4D reconstruction from monocular video by com-
bining global scene lifting with object geometry completion
through dense 3D correspondences.

Building on this reconstruction, we propose a camera redi-
rection framework tailored for large-angle view synthesis,
enabling expansive camera motions with strong geometric
consistency across time and viewpoints.

Extensive experiments, including a user study, validate state
of-the-art performance under challenging large-angle tra-
jectories. The explicit 4D representation further supports
downstream applications by providing consistent geometry
for video editing, editable structure for 4D manipulation, and
dense annotations for potential 4D data generation.

2 Related Work

Camera-controlled video generatiwvith the rapid development
of video foundation models [Blattmann et.&023; Kong et ak024],
research has progressed from pure text-to-video generation toward
controllable video synthesis with multiple conditioning signals [Bah-
mani et al 2024; Wang et aR024; Zhang et a2023]. Among these
directions, camera-controlled video generation has attracted increas-
ing attention due to its relevance to downstream video creation ap-
plications. Early approaches encode camera intrinsics and extrinsics
as control signals [Van Hoorick et a2024; Wang et ak024], but
subsequent studies show that such low-dimensional parameters are
di cult to exploit e ectively in high-dimensional attention-based
di usion models. This has motivated alternative camera representa-
tions, including Pliicker coordinates [Fan et aD25; He et aR024;
Zhang et al 2025c], PRope [Huang et.&025b; Li et al2025b],
and per-token trajectory attention [Xiao et a024], together with
diverse control injection mechanisms [Bai et 2025; He et aR024;
Huang et al 2025b; Luo et ak025b; Wang et a024] and decou-
pled time camera conditioning [Wang et aR025d]. This paradigm
has been further extended to user-provided source videos: ReCap-
ture [Zhang et al 2025a], SpaceTimePilot [Huang et 2025a], and
CAT4D [Wu et al 2025a] re-render an input video along new cam-
era trajectories via per-video ne-tuning or learned camera-motion
disentanglement. Despite promising results enabled by powerful
di usion priors, methods in this family often struggle to faithfully
follow prescribed camera trajectories (Fig. 3), especially under large-
angle redirection, due to the absence of explicit, dense 4D geometric
conditioning. In contrast, our training-free approach achieves pre-
cise camera redirection by reconstructing and completing 4D scene
geometry.

Reconstruction-grounded 4D generatfosecond line of work
uses explicit 3D or 4D geometry to ground camera-redirected video
generation. Methods either inject lightweight cues such as rendered
geometry bu ers [Gu et al2025; Zheng et aR026] or sparse 3D
point tracks [Lee et al2025] into video di usion, or reconstruct a
full 4D proxy of the scene from the source video [Cao et2024;
Chen et al 2025; Hou and Chen 2024; Li et 2025¢€; Liu et aR025;
Song et al2025; Tang et aR026; Tian et alk025; Yu et alR025,
2024; Zhang et aR025b]. Pipelines that reconstruct a full 4D proxy
rely on varying reconstruction backbones 3D representations such

SIGGRAPH Conference Papers '26, July 19 23, 2026, Los Angeles, CA, USA.
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Fig. 3. Overview of FreeOrbit4D. Our framework redirects a monocular video to a target camera trajectory via a foreground-complete 4D proxy. This
proxy is constructed through two branche&lobal Scene Reconstructiesovers background and partial foreground in global space, wiitgonical Object
Completionreconstructs complete foreground geometry via multi-view synthesis. A er alignment, we render depth maps from the unified 4D proxy to
condition a video di usion model, along with a reference image and text prompt, enabling faithful novel-view synthesis under large viewpoint changes.

as NeRF [Mildenhall et a2021; Tian et a023, 2024] and Gaussian  global scene space, and complete foreground geometry in canonical
Splatting [Kerbl et al2023], or 4D representations including motion  object space (Sec. 3.1). Second, we align the canonical foreground
sca olds and dynamic Gaussians [He et @025; Lei et al2025; to the global scene via dense pixel-synchronized 3D 3D correspon-
Liao et al 2025; Luo et aR025a; Wang et a025c], video-native dences, yielding a uni ed foreground-complete 4D proxy (Sec. 3.2),
geometric estimators [Huang et £2025c; Li et a2025a; Sucar et.al ~ from which we render depth sca olds along the target trajectory
2026; Wang et aRP025e; Yao et 22025b; Zhang et a024; Zhu et al and synthesize the output with a video di usion model (Sec. 3.3).
2026], and feed-forward 4D predictors [Jiang et2025c; Lin et al

2025]. Partial novel views are then rendered from the reconstructed 3.1 Decoupled 4D Reconstruction

geometry along the target trajectory, and the resulting un lled holes  Since the static scene and the moving object exhibit fundamentally
are hallucinated by a downstream video di usion model. However, dj erent geometric and motion characteristics, it is natural to decou-
the reconstructed geometry captures only visible surfaces from the ple their reconstructions. We therefore reconstruct geometry in two
source video, leaving the occluded foreground surfaces unrecovered complementary coordinate spaces.dlobal scene space we re-

in 3D. Under large-angle camera redirection, these unrecovered cover the static background point cloud'® and partial foreground
regions dominate the target V|ew,.and plxel-level.haIIucmatlon Wlt.h- point cIoudsPé’ 6’ which are lifted from the source frames and thus
QUI 3D support cannot synt_ht_e5|ze them (_:onS|stentIy, producing capture only visible surfaces. lcanonical object space, we recon-
incomplete foreground and visible holes (Fig. 3). A complementary . 56

thread of 4D generative models instead synthesizes 4D content end- struct complete foregrOI_Jnd point CIOUd“a’C that capture the full
to-end. Object-only variants [Chen et £026: Li et al2024b; Ren 3D structure but lack alignment to the global scene. Throughout,

etal 2023; Zeng et aR024] are con ned to a single dynamic object, we use tilde €) to denote geometrically incomplete.representations
while scene-level variants, including multi-view video di usion [Li in global scene space, and hat)(to denote geometrically complete

etal 2024a; Lu et aR025; Mi et al2025; Yuan et a2025], native 4D buF una_lligned representations in canonical object space. These are
synthesis [Li et al2025d; Yang et a2026], and action-conditioned uni ed in Sec. 3.2.

scene generation [Li et aP025c; Liu et aR026; Zhan et ak026], Global Scene Reconstructid@GT [Wang et al2025b] is a feed-

do not ingest a user-provided source video and therefore cannot forward model that predicts 3D point maps from images, but as-
redirect existing footage along a prescribed camera trajectory. In  sumes a static scene. To handle dynamic videos, we adopt its temporally-
contrast, our method reconstructs a foreground-complete 4D proxy aware extension [Zhou et aR025b], which processes the entire

via Correspondence-aware alignment, recovering both visible and monocular Sequencv BA?and predicts tempora”y consistent point

occluded foreground surfaces to enable precise, geometry-grounded mapspc2 R+ 3for each frame, all registered in a uni ed global
redirection of user-provided monocular videos. coordinate system.

We then use semantic maskécfrom SAM2 [Ravi et al2024] to
3 Method separate background and foreground, initiated by a user-provided

In this work, we study the camera redirection task: Given a monoc- point prompt on the rst frame, or fully automated via detector-
ular source vided/ BA%nd a target camera trajectory, our goalisto  based prompting [Ren et a2024]. The foreground-background
synthesize a visually faithful and temporally consistent target video = decomposition is:

V €6Ghat depicts the same dynamic scene\a8~%ut viewed from

. &
the target trajectory. Pl = feaue jMcwe = Og pgﬁz fORU° j MELP = 1g’
Fig. 3 shows our three-stage framework. First, we reconstruct 1
a static background and geometrically incomplete foreground in (2)

SIGGRAPH Conference Papers ‘26, July 19 23, 2026, Los Angeles, CA, USA.



Fig. 4. Decoupled 4D reconstruction and alignment pipeline. Le (Sec. 3.1):

FreeOrbitdD = 5

A dynamic-aware feed-forward network li s the source vided BA2into

global scene spageroducing the static background® 8 and geometrically incomplete foregrounﬂé 6 (orange) Middle (Sec. 3.1): The foreground sequence
flge%l is fed into an object-centric video di usion model to synthesize multi-view images, from which VGGT reconstructs complete foreground geometry

Pé ®in canonical object spadRight (Sec. 3.2):Dense 3D-3D correspondences derived from pixel-synchronized point maps ecabesspondence-aware
alignment per-frame spatial alignment estimates scdeand translationtc, followed by temporal smoothing via Kalman filtering. The result is the unified

foreground-complete 4D proxy = P16 [P é’eg)c;l.

Here,u denotes pixel coordinates, arﬁé’Gindicates partial fore-
ground point clouds in global space, as only visible surfaces are
captured from the source view (orange in Fig. 4).

Canonical Object Completiofo resolve the inherent single-view
ambiguity in foreground geometry, we leverage a multi-view video
di usion model [Yao et al 2025a] to synthesize novel views. Since
this model is object-centric and requires isolated object inputs, we

rst extract the foreground from each framéc of the source video
V BAZsing the semantic masks, yielding the masked foreground

sequence‘lgedel. The model then synthesizes four temporally
synchronized novel-view videos &0 azimuthal intervals, denoted
asflg gy for: =1"""4,

We then use VGGT [Wang et a2025b] to reconstruct multi-view
point maps from all ve views (source + four synthesized) per frame:

I o PR 3 (2

56_ 56
P2°= veer 1&*I¢

where the source viewgeserves as the referencbgr’;6 resides in
canonical object space and requires alignment to the global scene.
Since the synthesized multi-view images contain white back-
grounds, the raw point maps include redundant points. We Iter
them using binary masks: the SAM2 mabi¢for the source view,

and color thresholding masldslvlé Og_“:l for the novel views. LeP¢c

andbé ° denote the point maps for the source aneth novel view,
respectively. The complete canonical foreground point cloud is:

G’ 1- O 1- 0
b= thaw jMcw =1g[ P o M e =1g  (3)
=1
3.2 Correspondence-Aware Alignment

We now have partial foreground point cIoucBé’6in global scene
space, and complete canonical foreground point C|0lh{%6 in

canonical object space. Our goal is to aligémto global scene
space, yielding the aligned foreground point clouﬂé3 6, which to-
gether with the static backgroun&® form the uni ed foreground-
complete 4D proxyP = P16 [P é’sd&l.

Per-frame Spatial AlignmeniVe estimate a per-frame transfor-
mationTcsuch thatPé’ ®= T Pé %, usinng ®as the spatial anchor.
A key observation is that botifc andPc originate from the same

source imagdc, so points at the same pixel correspond to the
same surface point. This yields dense 3D 3D correspondences:

Ce = f1PAUC L0 | McWe = 1o (4)

which we Iter by con dence and outlier removal.

GivenCg, a natural approach would be to minimize point-wise
distances. However, monocular lifting cannot determine absolute
depth scale, which may vary across frames, causing per-point in-

consistencies ineé’ ® While point-wise tting would propagate
these errors, the overall spatial extent and Iocationﬁgewithin

the scene remain reliable. In contrasﬁéeprovides accurate ob-
ject geometry from multi-view reconstruction but lacks scene-level

positioning. We therefore us@CSGOnIy to determine the global
placement of the object (position and scale), while preserving the

geometry ofbg 6 Speci cally, we parameterizécas:B:x, tcwhere
1Ret® are estimated fronCc such that the transformed geometry

. 6 . . .
matches the scale and location Bé . Rotation is xed since both
reconstructions use the source view as coordinate reference.

Temporal Smoothin@-he geometrically incomplete foreground

Pé’e may exhibit frame-to-frame depth inconsistency due to the
inherent ambiguity of monocular lifting. Since we use it to anchor
global placement, this inconsistency propagates into the aligned

SIGGRAPH Conference Papers '26, July 19 23, 2026, Los Angeles, CA, USA.
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