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Camera redirection aims to replay a monocular source video along a requested camera path. Recent
methods can generate plausible redirected videos, but current evaluations miss clear failures: an
output may ignore the requested path, distort the foreground subject, or place it incorrectly in the new
view. Reliable evaluation needs target views along the requested path, yet existing sources are limited:
synthetic data has a domain gap, multi-camera capture is scarce and covers only recorded views, and
monocular web videos lack observations from arbitrary camera paths. As a result, evaluations on real
videos often rely on realism or semantic metrics, which do not directly measure camera following or
subject placement. To tackle this, we introduce Redirect4D-Bench, a benchmark for camera redirection
of real monocular dynamic videos, whose training-free construction pipeline scales the benchmark to
more source clips, producing pseudo-4D ground truth for each requested camera path. The pipeline
reconstructs a 4D scene for each curated clip, so multiple camera paths can be defined over the same
dynamic event. It then renders depth and subject masks along each path as the pseudo-4D ground
truth. Based on this pseudo-4D ground truth, we adapt camera-pose errors for camera accuracy and
introduce object-fidelity metrics. Benchmark results show that CLIP, FID/FVD, and VBench can
miss visible trajectory and subject failures, while Redirect4D-Bench metrics reveal complementary
errors in camera following and subject preservation.

Project page: https://redirect4d-bench.cvmlgroup.web.illinois.edu/

1 Introduction

Camera redirection asks a model to replay a monocular source video along a requested camera path. As
video generation moves beyond fixed viewpoints, camera redirection has become a natural interface for
controlling how dynamic scenes are viewed (Gao et al., 2021; Van Hoorick et al., 2024; Wang et al., 2025e),
with applications ranging from free-viewpoint replay to augmented reality (Azuma, 1997). Success requires
more than visual realism: the output must follow the requested camera motion while preserving the dynamic
foreground subject in the target view. Recent systems make this task increasingly plausible through camera-
conditioned generation (He et al., 2024), video re-rendering (Bai et al., 2025a; Zhang et al., 2025a), and
geometry-guided synthesis (Yu et al., 2025; Ren et al., 2025; Hu et al., 2025a).

However, existing evaluations often rely on generic video quality or semantic similarity, which may fail
to capture whether the output follows the requested camera path and preserves the foreground subject.
Consequently, a redirected video that scores well on these evaluations may still fail the actual task: it can
appear realistic while ignoring the target trajectory, damaging the foreground subject, or placing the subject
in the wrong target-view location.

Reliable evaluation of camera redirection on real videos is difficult because references for the requested path
are usually unavailable. Without such references, it is hard to judge whether the generated video follows
the requested camera path and preserves the foreground subject in the new view, as illustrated in Fig. 1.
Existing metrics capture only part of this evaluation goal. Full-reference fidelity and perceptual metrics such
as PSNR (Huynh-Thu and Ghanbari, 2008), SSIM (Wang et al., 2004), and LPIPS (Zhang et al., 2018) require
physically captured target-view RGB frames along the same trajectory. Distributional, semantic, and quality
metrics such as FID (Heusel et al., 2017), FVD (Unterthiner et al., 2019), CLIP (Radford et al., 2021), and
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Figure 1 High video-metric scores do not imply successful camera redirection. CLIP-T/F/V (Radford et al., 2021)
denote text alignment, adjacent-frame consistency, and source-video consistency; VBench (Huang et al., 2024)
SC/BG/TF/MS/AQ/IQ/OC denote subject consistency, background consistency, temporal flickering, motion smooth-
ness, aesthetic quality, imaging quality, and overall consistency. The shaded cells mark the best metric scores, but the
corresponding outputs either do not follow the requested camera path or deform the subject. The visual check instead
identifies the output that follows the target trajectory and preserves the foreground subject.

VBench (Huang et al., 2024) measure realism, similarity, or temporal quality, but they are not tied to the
requested camera path. Camera-pose errors are closer to the task (He et al., 2024; Bai et al., 2025a), but they
do not verify whether the foreground subject remains recognizable or correctly placed. This missing-reference
problem is fundamental for real dynamic videos. No existing data source jointly provides in-the-wild realism
and per-path target views: studio multi-camera capture covers only staged subjects, synthetic and hybrid
corpora differ from real videos (Bai et al., 2025a; Yu et al., 2025; Ren et al., 2025), and monocular web
videos observe only the source camera path. Thus, a useful in-the-wild benchmark must construct a per-case
reference for each requested trajectory.

To address this, we introduce Redirect4D-Bench, which constructs the missing reference for each case: a
training-free pipeline reconstructs a 4D scene from each curated clip, so that multiple camera paths can
be defined over the same dynamic event and pseudo-4D ground truth can be rendered along each of them.
For each redirection case, Redirect4D-Bench combines a curated source clip, the reconstructed 4D scene, a
parameterized camera path, and rendered depth and subject masks as the pseudo-4D ground truth. Together,
these assets specify the camera path and subject placement that each generated video should satisfy. The
retained benchmark covers human, robot, animal, and other dynamic subjects, with most cases requiring
large-angle camera motion.

Based on this pseudo-4D ground truth, we adapt camera-pose errors and introduce object-fidelity metrics.
Camera accuracy measures whether the camera trajectory estimated from the generated video follows the
benchmark target trajectory. Object fidelity measures whether the foreground subject is detected, recognizable,
and spatially aligned with the target-view subject-mask pseudo ground truth. Across four representative
camera-redirection systems, these metrics reveal that camera following and subject preservation are partially
decoupled, while CLIP, FID/FVD, and VBench scores can rank visually apparent task failures inconsistently.
Our contributions are:

• We introduce Redirect4D-Bench, a scalable benchmark for camera redirection of real monocular dynamic
videos. Its training-free pseudo-4D ground-truth pipeline reconstructs a 4D scene per curated clip and
defines multiple camera paths over one dynamic event.

• We adapt camera-pose errors into a camera-accuracy metric and introduce object-fidelity metrics,
measuring whether a generated video follows the requested camera path and whether the foreground
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subject remains recognizable and correctly localized in the target view.

• We benchmark representative camera-redirection methods and show that common video metrics can miss
visible task failures, while Redirect4D-Bench metrics expose complementary errors in camera following
and subject preservation.

2 RelatedWork

Camera redirection and camera-aware generation. Camera redirection aims to resynthesize a source video
along a user-specified camera trajectory, enabling post-capture viewpoint control and free-viewpoint replay
of dynamic scenes (Gao et al., 2021; Yu et al., 2025; Zhang et al., 2025a). Recent camera-aware generation
methods use explicit camera conditioning and camera-control analysis (Wang et al., 2024; Bahmani et al., 2024,
2025), ray or relative camera encodings (He et al., 2024; Li et al., 2025a), metric-scale and reference-based
camera control (Li et al., 2025b; Luo et al., 2025), multi-video and time-camera control (Kuang et al., 2024;
Wang et al., 2025e), and training-free control (Hou and Chen, 2024). They operate on images or videos
through generative novel-view synthesis (Van Hoorick et al., 2024; Yu et al., 2024; You et al., 2024), video
re-rendering (Bai et al., 2025a; Zhang et al., 2025a; Huang et al., 2025b), spatiotemporal caches (Ren et al.,
2025), geometry or 3D-tracking guidance (Yu et al., 2025; Hu et al., 2025a; Gu et al., 2025), 4D geometric
control (Zheng et al., 2026; Cao et al., 2026b), and 4D point-cloud proxies (Lin et al., 2026; Cao et al.,
2026a). Unlike CameraBench (Lin et al., 2025), which evaluates camera-motion recognition in existing videos,
Redirect4D-Bench targets generated redirected videos and tests whether they follow the requested camera
trajectory while preserving the foreground subject under that trajectory.

Video data and benchmark references. Web videos have long supported large-scale video benchmarks,
from action and video understanding (Heilbron et al., 2015; Kay et al., 2017; Abu-El-Haija et al., 2016) to
video-language learning and video generation data (Xue et al., 2022; Miech et al., 2019; Bain et al., 2021; Chen
et al., 2024a; Nan et al., 2024; Ju et al., 2024). However, these datasets provide semantic labels, captions, or
unconstrained videos rather than trajectory-specific geometric references, and object-level 3D annotations on
images (Ma et al., 2024a,b; Ji et al., 2026) cover static objects rather than dynamic subjects along a camera
path. Dynamic camera-pose and spatially annotated web-video datasets such as DynPose100K (Rockwell
et al., 2025) and SpatialVID (Wang et al., 2025b) scale pose, depth, and motion annotations for spatial
learning, but they do not assign target trajectories to source clips or provide target-view subject references for
redirection. Camera-control and view-synthesis systems therefore rely on posed static-scene videos (Zhou et al.,
2018; Ling et al., 2024), driving data (Sun et al., 2020; Cao et al., 2025; Zhou et al., 2023, 2025a), synthetic
multi-view data (Greff et al., 2022), hybrid web/static-view corpora (Van Hoorick et al., 2024; Bai et al.,
2025a; Yu et al., 2025; Ren et al., 2025), or small dynamic benchmarks limited to recorded views (Gao et al.,
2022). Renderable 3D/4D representations can be built with NeRFs (Mildenhall et al., 2021; Tancik et al.,
2023), Gaussian or feed-forward splatting (Kerbl et al., 2023; Charatan et al., 2024; Chen et al., 2024b; Jiang
et al., 2025a; Wu et al., 2026), dynamic radiance fields (Gao et al., 2021), motion-aware Gaussians (Wang
et al., 2025d; Lei et al., 2025), point maps (Zhang et al., 2024), depth/pose estimation (Teed and Deng, 2021;
Yang et al., 2024a; Li et al., 2025c; Jiang et al., 2025b), multi-view 4D generation (Yao et al., 2025; Zhang
et al., 2025b), and non-rigid surface reconstruction (Cao et al., 2024; Tang et al., 2026). Redirect4D-Bench
curates monocular web clips and reconstructs a 4D scene for each clip to derive target-trajectory depth and
subject-mask pseudo ground truth.

Evaluationmetrics. Existing evaluations measure useful but incomplete aspects of camera redirection. Full-
reference fidelity and perceptual metrics such as PSNR (Huynh-Thu and Ghanbari, 2008), SSIM (Wang et al.,
2004), and LPIPS (Zhang et al., 2018) require captured target-view RGB frames along the same trajectory.
Distributional metrics such as FID (Heusel et al., 2017) and FVD (Unterthiner et al., 2019), semantic metrics
such as CLIP (Radford et al., 2021), and video-generation benchmarks such as EvalCrafter (Liu et al., 2024a)
and VBench (Huang et al., 2024) measure realism, similarity, and temporal quality, but they are not tied
to the requested camera path or target-view subject placement. Motion-oriented benchmarks (Ling et al.,
2025) and camera-pose errors used in camera-control evaluation (He et al., 2024; Bai et al., 2025a; Wang
et al., 2025f) are closer to the task, but they do not jointly evaluate camera following, subject recognition,
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Figure 2 Redirect4D-Bench construction pipeline. Curated source clips and foreground masks feed two parallel branches:
foreground completion from multi-view observations, and metric background reconstruction with ViPE (Huang et al.,
2025a). We align the completed foreground to the metric scene through 3D–3D correspondences at foreground-mask
pixels, yielding a shared 4D scene. This scene is rendered along target trajectories to produce the pseudo ground-truth
target mask for evaluation.

and target-view localization for each source clip. Redirect4D-Bench therefore evaluates camera accuracy for
trajectory following together with object fidelity for detection, recognition, and target-view localization.

3 Pseudo-4DGround Truth Construction

For each source clip and target camera path, evaluating camera redirection requires a reference that specifies
how the dynamic scene should be observed. No existing data source provides such references for in-the-wild
dynamic scenes. Redirect4D-Bench addresses this by constructing pseudo-4D ground truth: for each curated
source clip, we reconstruct a temporally aligned, foreground-complete 4D point-cloud representation that fills
in subject geometry occluded in the source view, express target camera trajectories in its coordinate space,
and render pseudo ground-truth target masks along each trajectory. Figure 2 summarizes the pipeline; the
next three subsections describe source-video curation, 4D reconstruction with trajectory rendering, and the
resulting dataset contents.

3.1 Source Video Collection and Curation

Redirect4D-Bench starts from in-the-wild monocular clips with moving foreground subjects that admit reliable
tracking and 4D reconstruction. Adapting the web-video pipeline of Animal-in-Motion (Zhao et al., 2025), we
download candidate YouTube videos from category-level queries, split them into shot-level clips, and filter
out clips that are off-topic or multi-shot or that lack useful foreground motion. For each retained clip, we
obtain object tracks and foreground masks with a Grounded-SAM pipeline (Ren et al., 2024) that combines
Grounding DINO (Liu et al., 2023a) with SAM-based video segmentation (Ravi et al., 2024), discard tracks
with severe overlap, truncation, very small subjects, unstable identity association, or infeasible crops, and
standardize the remainder into object-centric sequences. After a final manual review, the retained tracks are
passed to the 4D reconstruction stage described in Sec. 3.2.

3.2 4DReconstruction and Pseudo Ground Truth Rendering

For every source clip, we build a renderable 4D point-cloud representation that combines a completed dynamic
foreground with a metric static background. Following Cao et al. (2026a), we reconstruct foreground and
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Figure 3 Per-case data bundle. Each retained redirection case contains a 45-frame source clip with foreground masks, a
foreground-complete 4D point cloud, a parameterized target trajectory, a text prompt, a rendered target-view depth
map, and the pseudo ground-truth target mask used as the per-case object-fidelity target for detection, recognition,
and localization.

background in two coordinate spaces: the foreground in canonical object space for completion, and the
background in global scene space, where target trajectories are defined.

Foreground completion. We use the curated masks (Sec. 3.1) to isolate the subject and generate multi-view
observations with SV4D 2.0 (Yao et al., 2025). Source and synthesized views are fed to VGGT-1B (Wang
et al., 2025c), whose point-map head predicts dense per-pixel 3D coordinates; masking to subject pixels gives
a per-frame foreground point cloud expressed in canonical object space.

Metric-scale background reconstruction. For background reconstruction, we use ViPE (Huang et al.,
2025a), which we found to produce a more stable metric scene on spatially extended web-video clips than
PAGE-4D (Zhou et al., 2025b). ViPE recovers source-camera poses and intrinsics; combined with metric depth,
these unproject background pixels into the global scene space in which we both specify target trajectories and
evaluate the recovered camera motion (Sec. 4).

Foreground-background alignment. The completed foreground and the metric background initially live
in different coordinate spaces. Using foreground-mask pixels in the source view, we establish 3D–3D
correspondences between the completed foreground point map and the metric source-view point map (Cao
et al., 2026a). From these correspondences, we estimate a per-frame scale-and-translation transform, apply
it to the full completed foreground, and smooth the result over time. The resulting 4D scene combines the
metric background and per-frame completed foreground point clouds in the shared global scene space, ready
for trajectory rendering.

Pseudo ground truth rendering. Each target trajectory is a parameterized camera arc whose center is
obtained by unprojecting the first-frame center pixel at the reconstructed depth; the same depth gives the
base orbit radius, with the source camera at the origin. The arc is specified by yaw, pitch, roll, and a radius
scale; together with the source clip, the resulting 45 per-frame poses define a camera-redirection case. We
rasterize the 4D point cloud along the target poses to obtain depth and foreground-mask scaffolds (Cao et al.,
2026a), which condition Wan2.2 VACE (Wang et al., 2025a) together with a reference image and text prompt
to synthesize the target-view RGB. The mask scaffold is then refined via SAM (Carion et al., 2025) video
propagation on the synthesized frames, yielding the pseudo ground-truth target mask.

5



Ground Truth
Target Trajectory

Evaluated Method
e.g. TrajectoryCrafter

Input Video

V
iPE

SAM

Estimated
Target 

Trajectory

Ground Truth
Target 

Trajectory

Detection: 
Object present?

Recognition:
Object valid ?

Output Video

Output Mask Valid

For each
output frame:

No

Invalid

Yes

Invalid. Extra hand 
on the right side.

MaskIoU: =

+ +

#1: Camera Pose Accuracy

Output Video

No

Yes

Rotation
Error

Translation
Error

#2: Object Fidelity

With Pseudo GT Mask:

Figure 4 Redirect4D-Benchmetric protocol. (Left) The evaluated method receives the source video and target camera
trajectory and produces an output video, from which SAM (Carion et al., 2025) extracts a per-frame subject mask.
(#1, top right) Camera accuracy: ViPE (Huang et al., 2025a) recovers an estimated camera trajectory from the output
video and visualizes it alongside the target in the reconstructed scene; we report rotation and translation errors. (#2,
bottom right) Object fidelity: for each output frame, Detection checks whether the subject is present and Qwen3-VL (Bai
et al., 2025b) Recognition judges whether the rendered subject is structurally plausible (e.g., catching defects like
extra limbs); on recognized frames, MaskIoU is computed against the per-case pseudo ground-truth target mask.

3.3 Dataset Contents and Statistics

Figure 3 shows the per-case bundle. Redirect4D-Bench comprises 83 cases from 62 source clips at 15 fps and
832× 480 resolution, spanning robot, human, and animal subjects (plus one other clip). Most cases (78/83)
require camera arcs spanning at least 90◦, making the benchmark a stress test of trajectory following rather
than small viewpoint perturbation. Because the construction pipeline is training-free, additional cases can be
added at roughly 0.5 A100-hours per case (∼40 A100-hours for the 83 retained cases; Appendix D), with
manual effort limited to a final review of curated tracks. Target-view RGB is not provided as ground truth:
camera redirection reveals previously occluded background regions that admit many plausible completions.
Evaluation instead relies on two well-defined targets: the requested camera trajectory (for camera accuracy)
and the pseudo ground-truth target mask (for object fidelity). Detailed dataset statistics are given in
Appendix A. Safety filtering and the public release policy are described in Appendix B.

4 BenchmarkMetrics

Standard video metrics do not verify whether a generated video follows the requested camera path or preserves
the foreground subject in the target view. Redirect4D-Bench therefore introduces two task-specific metric
families: camera accuracy and object fidelity.

4.1 Task Definition

A redirection case consists of a source clip Vsrc = {Isrct }Tt=1 and a target camera trajectory {πtgt
t }Tt=1. A

method outputs a redirected video ˆ︁Vtgt of length T , which Redirect4D-Bench evaluates along two axes (Fig. 4):
camera accuracy (Sec. 4.3), asking whether the recovered camera path follows the target trajectory; and
object fidelity (Sec. 4.4), asking whether the foreground subject remains recognizable and correctly localized
in the target view.

4.2 Limitations of ExistingMetrics

Full-reference fidelity metrics. PSNR (Huynh-Thu and Ghanbari, 2008), SSIM (Wang et al., 2004), and
LPIPS (Zhang et al., 2018) require a captured target-view frame along the same camera path, which does
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not exist for in-the-wild monocular videos (Sec. 1); pixel-level fidelity cannot rank methods on real dynamic
scenes.

Distributional and quality metrics. FID (Heusel et al., 2017), FVD (Unterthiner et al., 2019), CLIP
similarities (Radford et al., 2021), and VBench dimensions (Huang et al., 2024) measure realism, semantic
similarity, and temporal quality at the dataset level, but none is conditioned on the requested camera path: a
video can score well while ignoring the path or misplacing the subject (Fig. 1), so they diagnose general video
quality rather than whether the requested redirection happened.

Camera-posemetrics. Rotation and translation errors assess whether a generated video follows the target
camera trajectory, and we adopt this style of measurement in Sec. 4.3. On their own, they remain incomplete:
a method can match the target trajectory while the foreground subject disappears, distorts, or appears in
the wrong target-view location. Pose accuracy alone is not a faithful proxy for successful redirection, so
Redirect4D-Bench complements it with object fidelity (Sec. 4.4).

4.3 Camera Accuracy

Camera accuracy asks whether the generated video ˆ︁Vtgt follows the target trajectory {πtgt
t }Tt=1 (Fig. 4,

camera-pose branch). Baselines do not necessarily expose their internal camera poses, so we evaluate every
method through a uniform pose-recovery protocol that estimates a recovered trajectory {ˆ︁πt}Tt=1 from the
generated video itself; this makes the metric independent of any baseline-specific camera representation or
output format.

Pose recovery and alignment. We run ViPE (Huang et al., 2025a) with its lyra configuration on each
generated video to recover per-frame poses ˆ︁πt = ( ˆ︁Rt,ˆ︁tt). To remove the arbitrary global offset inherent to
monocular pose recovery, both target and recovered trajectories are expressed relative to their first frame, so
the metric reports per-frame deviation from the requested arc rather than absolute world position. Because
monocular pose recovery returns translations only up to a per-clip scale, TransErr is computed in the same
metric units as the target trajectory after aligning the two first frames, and it should be read alongside RotErr,
which is scale-invariant. Figure 4 (top right) shows the ViPE reconstruction of the generated video with the
estimated and target trajectories in separate 3D frames.

Rotation and translationerror. Following camera-control works (He et al., 2024; Bai et al., 2025a), per-frame
errors against the aligned target πtgt

t = (Rtgt
t , ttgtt ) are

RotErrt = arccos
(︂

tr(Rtgt
t

ˆ︁R⊤
t )−1

2

)︂
, TransErrt = ∥ttgtt − ˆ︁tt∥2.

Benchmark-level RotErr and TransErr are computed by averaging per-frame errors within each case, then
over the 83 retained cases.

4.4 Object Fidelity

Following the target camera path does not guarantee successful redirection: the generated video must also
render a recognizable foreground subject and place it at the correct target-view location. Object fidelity
(Fig. 4, object-fidelity branch) is therefore a per-frame cascade over target-view subject masks: detection and
recognition measure whether the subject is rendered correctly, and MaskIoU measures whether it is correctly
localized.

Reference and predictedmasks. For each generated video, we apply SAM (Carion et al., 2025) to obtain a
predicted subject mask at every frame and compare against the per-case pseudo ground-truth target mask
from Sec. 3. Object-fidelity metrics use the clip length T defined in Sec. 4.1 (T = 45) as their denominator;
by design, every retained case has a non-empty pseudo ground-truth target mask in all T frames (Sec. 3.2).
Frames where SAM returns an empty or invalid mask thus count as failures.
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Detection and recognition. Detection asks whether the subject appears in the generated frame at all:
detected(t) holds iff SAM returns a non-empty subject mask at frame t (the reference target mask is non-
empty in every frame by construction). Detection does not check where the subject appears; localization
is measured separately by MaskIoU. Recognition refines this by asking Qwen3-VL-32B (Bai et al., 2025b)
whether the predicted subject is structurally plausible for the case’s category (the exact prompt is given in
Fig. 7, Appendix C); recognized(t) holds iff the frame is both detected and judged plausible. For instance, a
human silhouette with an extra limb attached or a fragmented body fails recognition (Fig. 4, bottom right).
The two rates are

D =
|{t : detected(t)}|

T
, R =

|{t : recognized(t)}|
T

, R ≤ D.

Benchmark-level D and R are computed per case, then averaged over the 83 retained cases.

Object localization. On recognized frames, we compute MaskIoU between predicted and reference masks.
The conditional score averages over recognized frames; the recognition-weighted score instead averages over
all T frames, counting non-recognized frames as zero:

cMaskIoU = mean
t:recognized(t)

MaskIoU(t),

R · cMaskIoU =
1

T

T∑︂
t=1

MaskIoU(t)1[recognized(t)].

R · cMaskIoU is our primary localization metric: it rewards both rendering the correct subject and placing it
at the correct target-view location.

5 Experiments

We apply the evaluation protocol of Sec. 4 to four camera-redirection baselines, presenting both a case-level
(Fig. 5) and a benchmark-level (Table 1) comparison.

5.1 Baselines

We evaluate four camera-redirection systems on the 83 retained Redirect4D-Bench cases. All baselines receive
the same source clip and target camera trajectory; we re-format the trajectory to match each method’s
expected input where needed, but the camera path itself is unchanged, so output differences reflect the
methods rather than the inputs.

(i) ReCamMaster (Bai et al., 2025a) is a video re-rendering model conditioned on the source video, a text
prompt, and the target camera trajectory. We feed the benchmark trajectory directly into its native camera
encoder, after resampling it to ReCamMaster’s expected inference length.

(ii) TrajectoryCrafter (Yu et al., 2025) estimates per-frame depth from the source video, unprojects it into a
dynamic point cloud, renders the cloud along the target trajectory, and refines the result with a CogVideoX-
based diffusion model (Yang et al., 2024b). For a fair comparison, we replace its DepthCrafter (Hu et al.,
2025b) front-end with ViPE (Huang et al., 2025a), matching Gen3C and our construction pipeline.

(iii) Gen3C (Ren et al., 2025) builds a spatiotemporal 3D cache from the source video and renders it along the
target camera path as the diffusion condition. We feed ViPE (Huang et al., 2025a) depth, poses, and intrinsics
into its dynamic-video path, with each trajectory mapped to Gen3C’s native yaw/pitch/roll/scale parameters.

(iv) FreeOrbit4D (Cao et al., 2026a) performs training-free camera redirection by reconstructing a 4D scene
from the source clip and refining the renders with video diffusion; we run its published configuration on each
Redirect4D-Bench case without modification.
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Figure 5 Case-level comparison on a camel case. (Left) the source clip and the four baselines’ generated target-view
frames, each with a visual-check mark. (Right) (a) the foreground-complete 4D point cloud with the target trajectory
arc; (b) a 3D plot overlaying the four baselines’ recovered trajectories on the target trajectory. The accompanying
per-case table reports scores on the same sample. FID/FVD are omitted because they are aggregate distribution
metrics; cIoU abbreviates cMaskIoU; bold marks the best score per column.

5.2 Results

Case-level comparison. Figure 5 shows a representative large-angle camel case. ReCamMaster produces
plausible frames but does not follow the requested camera path; TrajectoryCrafter and Gen3C follow the
trajectory more closely but distort the camel’s body; only FreeOrbit4D follows the path while keeping the
camel intact. The traditional CLIP and VBench scores contradict this ranking, scattering “best” cells across
all four methods including the visibly broken ones. The Redirect4D-Bench columns instead concentrate the
best cells on FreeOrbit4D, because they separately measure the three aspects the visual check assesses: camera
following, subject recognition, and target-view localization. A method that fails on any one of these is visible
in the corresponding column instead of being averaged out by other strengths: ReCamMaster’s RotErr of
27.3◦ against FreeOrbit4D’s 0.79◦, and R·cMaskIoU of 0.071 against 0.919, quantify exactly the failures visible
in the frames. Seven additional per-case comparisons on bear, dancer, deer, and robot subjects (Figs. 8 to 14
in Appendix E) exhibit the same failure modes.

Benchmark-level comparison. Table 1 aggregates the comparison over all 83 retained cases. The same
pattern persists. Traditional metric winners remain scattered: ReCamMaster takes FID/FVD and several
CLIP/VBench columns, FreeOrbit4D wins CLIP-T, background consistency, and overall consistency, and
TrajectoryCrafter wins imaging quality. These metrics reward realism, similarity, and temporal smoothness,
but none reveals whether the requested redirection actually happened.

The Redirect4D-Bench metrics, in contrast, give a clear two-axis diagnosis. Camera accuracy. FreeOrbit4D,
Gen3C, and TrajectoryCrafter cluster near 5◦ mean rotation error, while ReCamMaster drifts by 20.81◦,
roughly four times worse, confirming that ReCamMaster does not follow the benchmark trajectory at scale.
Object fidelity. The four baselines split into two failure modes. TrajectoryCrafter and Gen3C detect the

9



Table 1 Benchmark-level comparison. Traditional metrics on the left, Redirect4D-Bench metrics on the right. CLIP (Rad-
ford et al., 2021): CLIP-T is text alignment, CLIP-F is adjacent-frame consistency, and CLIP-V is source-video
consistency. VBench (Huang et al., 2024) columns SC/BG/TF/MS/AQ/IQ/OC stand for subject consistency, back-
ground consistency, temporal flickering, motion smoothness, aesthetic quality, imaging quality, and overall consistency.
cIoU abbreviates cMaskIoU. Bold = best per column.

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ Dist. ↓ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V FID FVD SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.324 0.970 0.881 52.429 662.048 0.884 0.900 0.953 0.981 0.508 0.605 0.274 20.81 0.596 0.965 0.907 0.246 0.227
TrajectoryCrafter 0.324 0.958 0.832 83.559 1082.468 0.836 0.895 0.932 0.971 0.472 0.631 0.271 5.26 0.379 1.000 0.530 0.495 0.253
Gen3C 0.321 0.954 0.849 77.513 1047.264 0.839 0.902 0.942 0.980 0.480 0.543 0.272 5.25 0.312 1.000 0.596 0.486 0.289
FreeOrbit4D 0.326 0.953 0.843 67.305 925.250 0.860 0.915 0.937 0.976 0.496 0.610 0.282 5.10 0.280 1.000 0.990 0.907 0.898

subject reliably (D = 1.000) but fail recognition: their recognition rates fall to R = 0.530 and R = 0.596, i.e.,
only about half of their frames are judged structurally plausible by Qwen3-VL, consistent with the camel-case
distortions. ReCamMaster shows the opposite, recognizing the subject in R = 0.907 of frames but placing
it at the wrong target-view location (R·cMaskIoU = 0.227). Only FreeOrbit4D scores well on both axes
(RotErr = 5.10◦, R·cMaskIoU = 0.898), agreeing with the visual check on the camel case (Fig. 5).

Camera following and object fidelity need to be reported as separate axes: a method can follow the trajectory
while breaking the subject, or preserve plausible appearance while missing the path. These two failure modes
are distinct defect categories that traditional video metrics conflate into a single “visual quality” score. Ranking
by traditional metrics alone risks selecting visibly broken outputs as winners, while the Redirect4D-Bench
axes restore the link between metrics and visible failures.

6 Conclusion

Evaluating camera redirection on real monocular videos is held back by a missing-reference problem: no
captured target view exists for an arbitrary camera path, so video-quality metrics measure realism rather
than per-trajectory task success. Redirect4D-Bench addresses this with a scalable, training-free pipeline that
produces per-trajectory pseudo ground truth for real dynamic scenes, and defines two task-specific metrics
(camera accuracy and object fidelity) that agree with the visual check of the outputs where CLIP, FID/FVD,
and VBench disagree. Across the four baselines, camera accuracy and object fidelity separate two failure
modes that traditional metrics blur together: a method may follow the requested path but break the subject,
or keep the subject intact but place it in the wrong target-view location. Reporting both metrics, not a single
quality score, exposes each failure.

Limitations and future work. Errors from the multi-stage pipeline (foreground completion, background
reconstruction, alignment) can accumulate in the pseudo-4D ground truth, which cannot be verified against
real target views, and the pipeline assumes a single dominant subject. Because the pseudo ground truth is
built with the same reconstruction approach as FreeOrbit4D (Cao et al., 2026a), FreeOrbit4D’s scores may
benefit from this shared construction and are best read as a reference for future methods rather than as
a neutral upper bound. Since construction is training-free, extending it to larger, multi-subject releases is
a natural next step. Beyond dataset scalability, our benchmark could also support continual evaluation of
video generation models as new categories, scenes, and camera trajectories emerge. This would enable future
studies of continual learning (Liu et al., 2021a,b, 2023b,c, 2024b), examining whether models can acquire new
camera-redirection capabilities while preserving their performance on previously learned scenarios.
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Appendix

A Dataset Statistics

Figure 6 summarizes the retained cases: yaw values concentrate between ±90◦ and ±120◦ with pitch mostly
in [−30◦, 0◦], and the 62 source clips split into 24 robot, 23 human, 14 animal, and 1 other.

(a) Trajectory Parameters Distribution (b) Subject Categories Distribution

Figure 6 Dataset statistics. (a) Yaw and pitch parameters for the retained target trajectories. Each point is one
redirection case; color denotes the subject family (robot, human, animal, other) and marker size denotes the radius scale
(0.7, 1.0, or 1.4). Yaw values cluster between ±90◦ and ±120◦, with most pitch values in [−30◦, 0◦]. (b) Source-clip
counts across subject families in the current release: robot 24 (39%), human 23 (37%), animal 14 (23%), other 1
(∼ 2%), totaling the 62 source clips that yield 83 redirection cases.

B Safety Filtering and Release Policy

Safety filtering. Of the 103 target trajectories produced by the construction pipeline, we exclude 20 cases
that involve minors as the foreground subject, leaving the 83 retained cases on which all quantitative results
in the paper are computed.

Release policy. The benchmark is released on Hugging Face; links to the dataset and code are available
from the project page (https://redirect4d-bench.cvmlgroup.web.illinois.edu/). The public dataset contains
derived assets (4D point clouds, target trajectories, rendered geometry, subject masks, prompts, and metadata)
plus a small public sample for inspection. Original source RGB is not redistributed; following Zhao et al.
(2025), the released code provides a recovery script using YouTube identifiers in the metadata.

C Qwen3-VL Subject-Recognition Prompt

The subject-recognition component in Sec. 4.4 uses Qwen3-VL-32B (Bai et al., 2025b) as a binary judge:
given a cropped generated frame and a subject class {cls}, the judge decides whether the foreground subject
is catastrophically broken (e.g., extra or missing limbs, fragmented body, fused parts). The prompt template
is shown in Fig. 7; separate defect lists are used for biological/articulated and mechanical subjects, and the
model’s textual response is parsed into a binary recognition decision.

D Compute Resources

All experiments run on a single internal node with 8× NVIDIA A100-SXM4-80GB GPUs.
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[Shared Instruction]

You are shown a single frame cropped from an AI-generated video. The crop contains a {cls}. The

camera angle may be unusual.

Question: is the {cls} catastrophically broken, i.e., so badly deformed that it is clearly not a

real {cls}?

[Biological / Articulated Subjects]

Only answer "yes" if ONE of these is undeniably visible:

a. DUPLICATION: two heads, two tails, two torsos, or two complete instances of a body part

that should appear only once.

b. WRONG LIMB COUNT: a clearly visible extra limb, or a main limb entirely missing where

anatomy demands it.

c. MELTED / BLOBBED: the {cls}'s body or limbs have dissolved into a continuous amorphous blob

with no recognizable structure.

d. REVERSED JOINT: a knee, elbow, hock, wrist, or ankle bends in the opposite direction to the

species' natural anatomy.

If the {cls} looks like a plausible albeit imperfect rendering of a real {cls}, answer "no".

Imperfect details, blur, odd poses, long or S-curved necks, humps, trunks, stripes, fur / skin

texture, dance poses, unusual camera angles, cropped parts, self-occlusion, and natural

class-specific features are NEVER defects.

[Mechanical Subjects]

Only answer "yes" if ONE of these is undeniably visible:

a. DUPLICATION: two of a main component that should appear only once (e.g., two gear hubs, two

robot torsos / heads, or two complete structural pieces).

b. MELTED / BLOBBED: structural parts have dissolved into a continuous amorphous blob with no

recognizable mechanical form.

c. IMPOSSIBLE STRUCTURE: a rigid component fluidly bent like rubber, a hinge twisted beyond

its physical range, or a snapped structural piece floating apart.

d. MIS-ATTACHED PART: a main component sprouts from a clearly impossible location, such as a

robot limb attached at the head.

If the {cls} looks like a plausible albeit imperfect rendering of a real {cls}, answer "no".

Unusual camera angles, cropped parts, stylized aesthetics, visible internal mechanisms, unusual

colors, minor jitter, and class-specific mechanical features are NEVER defects.

[Output Rule]

When in doubt, always answer "no". Flag "yes" only for defects that would stop someone scrolling

past on social media to say "wait, that's wrong."

Respond with exactly one line. Start with "no" if the {cls} is plausible; otherwise start with

"yes" followed by a brief description of which part is catastrophically broken.

Figure 7 Qwen3-VL recognition prompt. The prompt receives a crop from a generated frame and a subject class
placeholder {cls}. Separate defect lists are used for biological/articulated and mechanical subjects. The response is
parsed as a binary recognition decision: catastrophic defects make the frame invalid, while plausible but imperfect
renderings remain valid.

4D-reconstruction pipeline. The construction pipeline (Sec. 3) is a one-time cost per dataset version.
End-to-end on the 83 retained cases it consumes roughly 40 A100-hours, dominated by foreground completion
(SV4D 2.0 (Yao et al., 2025) pseudo multi-view synthesis and VGGT-1B (Wang et al., 2025c) point-map
prediction), background reconstruction (ViPE (Huang et al., 2025a) lyra configuration), and target-view
rendering with Wan2.2 VACE (Wang et al., 2025a). Per-stage wall times on 8 GPUs: 5min for source-RGB
caching, 5min for SAM source-mask sharding, and 5 h for the reconstruction-render-refine loop.

Baseline inference. Each baseline is run once per case on a single A100-80GB. Per-case averages over the
83 retained cases are: ReCamMaster (Bai et al., 2025a) ∼5.7min/case (∼8 A100-hours total), Trajecto-
ryCrafter (Yu et al., 2025) ∼7 min/case (∼10 A100-hours total), Gen3C (Ren et al., 2025) ∼17 min/case (∼23
A100-hours total), and FreeOrbit4D (Cao et al., 2026a) ∼10 min/case (∼14 A100-hours total). Sharded over
8 GPUs the wall-clock times are approximately 1 h, 1.5 h, 2 h 50min, and 1.7 h respectively.

Metric evaluation. Per evaluated method, the camera-accuracy protocol re-runs ViPE (Huang et al., 2025a)
on the generated video; this takes ∼3.6 A100-hours total (∼27 min wall on 8 GPUs). Subject-mask extraction
with SAM (Carion et al., 2025) costs under 1 A100-hour per method (∼5min wall per shard on 8 GPUs).
Subject recognition with Qwen3-VL-32B (Bai et al., 2025b) in 4-bit quantization costs ∼10 A100-hours per
method (∼75 min wall on 8 GPUs).
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Aggregate budget. Producing all numbers reported in the paper (the four-baseline benchmark plus all
camera-accuracy and object-fidelity metrics on 83 cases) takes roughly 200 A100-80GB GPU-hours on top
of the one-time ∼40-hour construction cost. This excludes preliminary runs and failed configurations that
are not reported in the paper, which together used a comparable amount of compute, primarily for tuning
baseline trajectory encoding and validating the metric pipeline.

E Additional Per-Case Comparisons

We provide seven additional per-case comparisons (Figs. 8 to 14) using the same layout as Fig. 5. Each
figure displays, on the left, the input source video and the four baselines’ generated target-view videos, with a
visual-check mark per baseline; on the right, panel (a) shows the foreground-complete 4D point cloud with
the target trajectory arc, and panel (b) overlays the target trajectory with each baseline’s ViPE-recovered
trajectory in 3D. The accompanying per-case table reports the same columns as Table 1 except that aggregate
distribution metrics (FID/FVD) are omitted; cIoU abbreviates cMaskIoU, and bold marks the best score per
column. Each case is chosen to expose a specific discrepancy between traditional video metrics (CLIP (Radford
et al., 2021), VBench (Huang et al., 2024)) and the visual check: traditional scores frequently reward outputs
that are visibly broken in ways the Redirect4D-Bench metrics surface directly.

Input Video

ReCamMaster

TrajectoryCrafter

GEN3C

FreeOrbit4D

(b) Estimated Target Trajectory

(a) 4D Foreground-Complete Point Cloud

Visual
check

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.324 0.980 0.945 0.931 0.943 0.948 0.982 0.549 0.648 0.294 31.930 0.835 1.000 1.000 0.402 0.402
TrajectoryCrafter 0.324 0.955 0.864 0.773 0.925 0.896 0.956 0.429 0.652 0.310 4.123 0.268 1.000 0.444 0.636 0.283
Gen3C 0.342 0.945 0.853 0.779 0.932 0.911 0.964 0.471 0.571 0.305 23.953 0.665 1.000 0.800 0.622 0.497
FreeOrbit4D 0.298 0.963 0.816 0.852 0.953 0.932 0.973 0.516 0.628 0.279 3.529 0.156 1.000 1.000 0.981 0.981

Figure 8 Bear case. ReCamMaster (Bai et al., 2025a) scores best on six of the ten CLIP/VBench columns by emitting
frames close to the source view: the bear stays intact (R = 1.000), but the camera barely moves (RotErr = 31.9◦)
and the bear is left in the wrong target-view location (R·cMaskIoU = 0.402). TrajectoryCrafter (Yu et al., 2025)
follows the arc (RotErr = 4.12◦) but twists the bear’s body (R = 0.444). Gen3C (Ren et al., 2025) fails on both
axes: its camera overshoots the arc (RotErr = 24.0◦) and the bear is visibly deformed in the later frames. Only
FreeOrbit4D (Cao et al., 2026a) follows the arc to the rear view (RotErr = 3.53◦) and keeps the bear intact and
correctly placed (R·cMaskIoU = 0.981).
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Input Video

ReCamMaster

TrajectoryCrafter

GEN3C

FreeOrbit4D

(b) Estimated Target Trajectory

(a) 4D Foreground-Complete Point Cloud

Visual
check

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.318 0.976 0.863 0.898 0.889 0.969 0.988 0.547 0.566 0.302 24.855 0.673 1.000 1.000 0.043 0.043
TrajectoryCrafter 0.330 0.954 0.846 0.855 0.872 0.935 0.975 0.533 0.530 0.277 14.633 1.157 1.000 0.756 0.407 0.308
Gen3C 0.349 0.963 0.881 0.827 0.886 0.940 0.981 0.502 0.549 0.306 18.838 0.777 1.000 0.800 0.373 0.298
FreeOrbit4D 0.343 0.967 0.875 0.873 0.917 0.940 0.974 0.569 0.585 0.305 12.104 0.639 1.000 1.000 0.886 0.886

Figure 9 Dancer case 1. This trajectory combines yaw, pitch, and roll, and every method has RotErr above 12◦.
ReCamMaster (Bai et al., 2025a) scores best on three VBench columns and keeps the dancer intact (R = 1.000),
but its camera drifts 24.9◦ off the arc and the dancer slides to the frame border, far from her target-view location
(R·cMaskIoU = 0.043). TrajectoryCrafter (Yu et al., 2025) passes the visual check, yet its camera overshoots the arc
(largest TransErr = 1.157). Gen3C (Ren et al., 2025) distorts the background and the dancer in the later frames
(R = 0.800). FreeOrbit4D (Cao et al., 2026a) has the lowest pose errors (RotErr = 12.1◦) and places the dancer best
(R·cMaskIoU = 0.886 vs. at most 0.308 for the other methods).

Input Video

ReCamMaster

TrajectoryCrafter

GEN3C

FreeOrbit4D

(b) Estimated Target Trajectory

(a) 4D Foreground-Complete Point Cloud

Visual
check

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.345 0.988 0.945 0.872 0.890 0.971 0.987 0.538 0.496 0.261 24.466 0.588 1.000 1.000 0.408 0.408
TrajectoryCrafter 0.354 0.975 0.886 0.832 0.937 0.939 0.977 0.540 0.567 0.254 1.953 0.052 1.000 0.422 0.519 0.219
Gen3C 0.348 0.969 0.880 0.834 0.901 0.934 0.977 0.544 0.521 0.256 2.781 0.548 1.000 0.222 0.567 0.126
FreeOrbit4D 0.332 0.966 0.907 0.875 0.909 0.955 0.984 0.499 0.647 0.257 1.648 0.427 1.000 1.000 0.905 0.905

Figure 10 Dancer case 2. ReCamMaster (Bai et al., 2025a) keeps the ballerina intact and passes the visual check, but
its camera barely orbits (RotErr = 24.5◦, R·cMaskIoU = 0.408): a trajectory failure that plausible-looking frames
can hide and that RotErr exposes. TrajectoryCrafter (Yu et al., 2025) (RotErr = 1.95◦) and Gen3C (Ren et al.,
2025) (RotErr = 2.78◦) track the trajectory closely but break the ballerina’s limbs (R = 0.422 and 0.222). Only
FreeOrbit4D (Cao et al., 2026a) does well on both axes (RotErr = 1.65◦, R·cMaskIoU = 0.905).
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Input Video

ReCamMaster

TrajectoryCrafter

GEN3C

FreeOrbit4D

(b) Estimated Target Trajectory

(a) 4D Foreground-Complete Point Cloud

Visual
check

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.294 0.979 0.910 0.915 0.920 0.959 0.985 0.449 0.713 0.274 24.440 0.615 1.000 1.000 0.235 0.235
TrajectoryCrafter 0.316 0.960 0.862 0.861 0.907 0.939 0.977 0.451 0.560 0.295 6.469 0.491 1.000 0.578 0.412 0.238
Gen3C 0.304 0.948 0.832 0.826 0.882 0.927 0.972 0.431 0.576 0.289 1.977 0.237 1.000 0.311 0.238 0.074
FreeOrbit4D 0.269 0.960 0.795 0.846 0.934 0.952 0.975 0.416 0.623 0.274 4.823 0.269 1.000 1.000 0.899 0.899

Figure 11 Dancer case 3. Gen3C (Ren et al., 2025) wins both camera-pose columns (RotErr = 1.98◦, TransErr = 0.237)
yet renders the dancer as fragments with smeared limbs (R = 0.311, R·cMaskIoU = 0.074). TrajectoryCrafter (Yu
et al., 2025) follows the path less closely (RotErr = 6.47◦) and stretches her body (R = 0.578). ReCamMaster (Bai
et al., 2025a) keeps the dancer intact (R = 1.000) but barely orbits (RotErr = 24.4◦), so she appears away from her
target-view location (R·cMaskIoU = 0.235). FreeOrbit4D (Cao et al., 2026a) follows the arc (RotErr = 4.82◦) and is
the only method that keeps the dancer intact and correctly placed (R·cMaskIoU = 0.899).

Input Video

ReCamMaster

TrajectoryCrafter

GEN3C

FreeOrbit4D

(b) Estimated Target Trajectory

(a) 4D Foreground-Complete Point Cloud

Visual
check

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.300 0.974 0.833 0.839 0.869 0.901 0.957 0.472 0.690 0.294 32.941 0.897 1.000 1.000 0.072 0.072
TrajectoryCrafter 0.311 0.944 0.789 0.778 0.869 0.875 0.940 0.418 0.697 0.253 3.050 0.162 1.000 0.733 0.480 0.352
Gen3C 0.310 0.939 0.830 0.807 0.899 0.896 0.959 0.430 0.552 0.280 10.171 0.108 1.000 0.689 0.548 0.378
FreeOrbit4D 0.310 0.933 0.874 0.830 0.913 0.872 0.931 0.466 0.693 0.285 4.200 0.089 1.000 1.000 0.886 0.886

Figure 12 Deer case. ReCamMaster (Bai et al., 2025a) wins several VBench columns, but its camera diverges 32.9◦

from the arc and pushes the deer to the frame border, where only part of it remains visible (R·cMaskIoU = 0.072).
TrajectoryCrafter (Yu et al., 2025) (RotErr = 3.05◦) and Gen3C (Ren et al., 2025) (RotErr = 10.17◦) follow the path
more closely but distort the deer’s body and legs (R = 0.733 and 0.689). FreeOrbit4D (Cao et al., 2026a) follows the
arc (RotErr = 4.20◦) and keeps the deer intact and correctly placed (R·cMaskIoU = 0.886).
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Input Video

ReCamMaster

TrajectoryCrafter

GEN3C

FreeOrbit4D

(b) Estimated Target Trajectory

(a) 4D Foreground-Complete Point Cloud

Visual
check

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.323 0.962 0.900 0.879 0.891 0.949 0.981 0.533 0.619 0.311 28.421 0.327 1.000 0.956 0.294 0.281
TrajectoryCrafter 0.306 0.943 0.828 0.814 0.875 0.906 0.961 0.438 0.616 0.292 10.922 0.784 1.000 0.089 0.483 0.043
Gen3C 0.282 0.928 0.732 0.776 0.867 0.927 0.975 0.453 0.462 0.311 2.412 0.726 1.000 0.067 0.372 0.025
FreeOrbit4D 0.321 0.944 0.841 0.871 0.926 0.917 0.976 0.513 0.689 0.297 8.779 0.607 1.000 0.956 0.881 0.842

Figure 13 Robot case 1. ReCamMaster (Bai et al., 2025a) wins TransErr (0.327), but its camera barely orbits
(RotErr = 28.4◦) and the robot drifts toward the frame border, away from its target-view location (R·cMaskIoU = 0.281).
Gen3C (Ren et al., 2025) tracks the path closely (RotErr = 2.41◦) and TrajectoryCrafter (Yu et al., 2025) less so
(RotErr = 10.9◦), but both distort the robot’s head and torso, so recognition fails on almost every frame (R = 0.067
and 0.089). FreeOrbit4D (Cao et al., 2026a) (RotErr = 8.78◦) keeps the robot intact from the new viewpoint and
places it best (R·cMaskIoU = 0.842).

Input Video

ReCamMaster

TrajectoryCrafter

GEN3C

FreeOrbit4D

(b) Estimated Target Trajectory

(a) 4D Foreground-Complete Point Cloud

Visual
check

Traditional metrics Redirect4D-Bench metrics

CLIP ↑ VBench ↑ Camera acc. ↓ Object fidelity ↑

Method T F V SC BG TF MS AQ IQ OC RotErr TransErr D R cIoU R·cIoU

ReCamMaster 0.335 0.981 0.925 0.895 0.937 0.954 0.984 0.561 0.726 0.300 17.599 0.509 1.000 0.978 0.257 0.252
TrajectoryCrafter 0.335 0.974 0.876 0.851 0.921 0.934 0.979 0.480 0.682 0.325 1.368 0.134 1.000 0.244 0.302 0.074
Gen3C 0.323 0.971 0.883 0.874 0.918 0.943 0.985 0.514 0.586 0.332 1.464 0.209 1.000 0.622 0.127 0.079
FreeOrbit4D 0.319 0.952 0.865 0.870 0.910 0.912 0.981 0.549 0.659 0.338 1.477 0.123 1.000 1.000 0.930 0.930

Figure 14 Robot case 2. TrajectoryCrafter (Yu et al., 2025), Gen3C (Ren et al., 2025), and FreeOrbit4D (Cao et al.,
2026a) all reach low rotation error (under 2◦), yet only FreeOrbit4D keeps the robot intact and correctly placed
(R·cMaskIoU = 0.930). TrajectoryCrafter fails recognition on most frames (R = 0.244); Gen3C keeps a plausible robot
on about 60% of frames (R = 0.622) but misplaces it (cMaskIoU = 0.127). ReCamMaster (Bai et al., 2025a) keeps the
robot recognizable (R = 0.978) but under-rotates (RotErr = 17.6◦) and mislocates it (R·cMaskIoU = 0.252).
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