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Abstract

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 design new metrics for camera accuracy
and subject fidelity. 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.

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 [14, 54, 59]. 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 [17], video re-rendering [4, 70], and geometry-guided synthesis [21, 48, 68].

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
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Figure 1: High video-metric scores do not imply successful camera redirection. CLIP-T/F/V [45]
denote text alignment, adjacent-frame consistency, and source-video consistency; VBench [25]
SC/BG/TF/MS/AQ/IQ/OC denote subject consistency, background consistency, temporal flickering,
motion smoothness, 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 human evaluation instead selects the output that follows the target
trajectory and preserves the foreground subject.

view, as illustrated in Fig. 1. Existing metrics capture only part of this evaluation goal. Full-reference
fidelity and perceptual metrics such as PSNR [26], SSIM [61], and LPIPS [72] require physically
captured target-view RGB frames along the same trajectory. Distributional, semantic, and quality
metrics such as FID [19], FVD [53], CLIP [45], and VBench [25] measure realism, similarity, or
temporal quality, but they are not tied to the requested camera path. Camera-pose errors are closer
to the task [4, 17], 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 [4, 48, 68], 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, a benchmark for camera redirection of real monocu-
lar 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.
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 design two new metrics. Camera accuracy measures
whether the camera trajectory estimated from the generated video follows the benchmark target
trajectory. Subject 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 construction pipeline
reconstructs a 4D scene for each curated clip and defines multiple camera paths over a
common dynamic event.
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• We propose task-speci�c camera-accuracy and subject-�delity metrics, measuring whether
a generated video follows the requested camera path and whether the foreground subject
remains recognizable and correctly localized.

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

2 Related Work

Camera Redirection and Camera-Aware Generation. Camera redirection aims to resynthesize a
source video along a user-speci�ed camera trajectory, enabling post-capture viewpoint control and
free-viewpoint replay of dynamic scenes [14, 68, 70]. Recent camera-aware generation methods
use explicit camera conditioning and camera-control analysis [2, 3, 62], ray or relative camera
encodings [17, 34], multi-video and time-camera control [32, 59], and training-free control [20].
They operate on images or videos through generative novel-view synthesis [54, 67, 69], video re-
rendering [4, 24, 70], spatiotemporal caches [48], geometry guidance [21, 68], and 4D point-cloud
proxies [9, 36]. Related control and evaluation problems also appear in pseudo-simulation [8],
scene understanding [75], policy-safety evaluation [74], and active view selection [63]. Unlike
CameraBench [37], 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 [1, 18, 30] to video-language learning and video
generation data [6, 12, 29, 42, 44, 64]. However, these datasets provide semantic labels, captions, or
unconstrained videos rather than trajectory-speci�c geometric references. Dynamic camera-pose and
spatially annotated web-video datasets such as DynPose100K [49] and SpatialVID [56] 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 [38, 77], driving data [50], synthetic multi-view
data [16], hybrid web/static-view corpora [4, 48, 54, 68], or small dynamic benchmarks limited to
recorded views [15]. Renderable 3D/4D representations can be built with NeRFs [43, 51], Gaussian or
feed-forward splatting [11, 13, 27, 31], dynamic radiance �elds [14], motion-aware Gaussians [33, 58],
point maps [71], depth/pose estimation [28, 35], and non-rigid surface reconstruction [7, 9, 52].
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.

Evaluation Metrics. Existing evaluations measure useful but incomplete aspects of camera redirec-
tion. Full-reference �delity and perceptual metrics such as PSNR [26], SSIM [61], and LPIPS [72]
require captured target-view RGB frames along the same trajectory. Distributional metrics such as
FID [19] and FVD [53], semantic metrics such as CLIP [45], and video-generation benchmarks such
as EvalCrafter [41] and VBench [25] measure realism, similarity, and temporal quality, but they
are not tied to the requested camera path or target-view subject placement. Motion-oriented bench-
marks [39] and camera-pose errors used in camera-control evaluation [4, 17, 60] are closer to the task,
but they do not jointly evaluate camera following, subject recognition, and target-view localization
for each source clip. Redirect4D-Bench therefore evaluates camera accuracy for trajectory following
together with subject �delity for detection, recognition, and target-view localization.

3 Pseudo-4D Ground Truth Construction

For each source clip and target camera path, evaluating camera redirection requires a reference that
speci�es 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 �lls 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.
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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 [23]. 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.

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 [73], we download candidate YouTube videos from category-level queries, split them into
shot-level clips, and �lter out clips that are off-topic, multi-shot, or lack useful foreground motion. For
each retained clip, we obtain object tracks and foreground masks with a Grounded-SAM pipeline [47]
that combines Grounding DINO [40] with SAM-based video segmentation [46], 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 �nal manual review, the retained
tracks are passed to the 4D reconstruction stage described in Sec. 3.2.

3.2 4D Reconstruction 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 [9], we reconstruct foreground and
background in two coordinate spaces: the foreground in canonical object space for subject completion,
and the background in global scene space, in which target trajectories are speci�ed.

Foreground completion. We use the curated masks (Sec. 3.1) to isolate the subject and generate
multi-view observations with SV4D 2.0 [66]. Source and synthesized views are fed to VGGT-1B [57],
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 [23],
which we found to produce a more stable metric scene on spatially extended web-video clips than
PAGE-4D [76]. 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 ini-
tially live in different coordinate spaces. Using foreground-mask pixels in the source view, we estab-
lish 3D–3D correspondences between the completed foreground point map and the metric source-view
point map [9]. 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
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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 �rst-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 speci�ed by yaw,
pitch, roll, and a radius scale; together with the source clip, the resulting45per-frame poses de�ne a
camera-redirection case. We rasterize the 4D point cloud along the target poses to obtain depth and
foreground-mask scaffolds [9], which condition Wan2.2 VACE [55] together with a reference image
and text prompt to synthesize the target-view RGB. The foreground-mask scaffold is then re�ned via
SAM [10] video propagation on the synthesized RGB sequence, yielding the pseudo ground-truth
target mask.

3.3 Dataset Contents and Statistics

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 subject-�delity target.

Figure 3 shows the per-case bundle. Redirect4D-Bench comprises83cases from62source clips at
15fps and832 � 480 resolution, spanning human, robot, and animal subjects. Most cases (78=83)
require camera arcs spanning at least90� , 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 bounded per-case cost (see Sec. A.1). 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-de�ned targets: the requested
camera trajectory (for camera accuracy) and the pseudo ground-truth target mask (for subject �delity).
Detailed dataset statistics, safety �ltering, and the benchmark release policy appear in Sec. A.1.

4 Benchmark Metrics

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-speci�c metric families: camera accuracy and subject �delity.

4.1 Task De�nition

A redirection case consists of a source clipVsrc = fI src
t gT

t=1 and a target camera trajectoryf� tgt
t gT

t=1 .
A method outputs a redirected videobVtgt of lengthT, 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 subject �delity (Sec. 4.4), asking whether the foreground subject remains
recognizable and correctly localized in the target view.
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Figure 4: Redirect4D-Bench metric protocol. (Left) The evaluated method receives the source
video and target camera trajectory and produces an output video, from which SAM [10] extracts a
per-frame subject mask. (#1, top right) Camera accuracy: ViPE [23] 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) Subject �delity: for each output frame,
Detection checks whether the subject is present and Qwen3-VL [5] 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.

4.2 Limitations of Existing Metrics

Full-reference �delity metrics. PSNR [26], SSIM [61], and LPIPS [72] compare each generated
frame with a captured target-view frame along the same camera path. For in-the-wild monocular
videos, this reference does not exist: synchronized multi-view rigs cover only controlled studio
settings, and synthetic data does not match the appearance of real scenes. Pixel-level �delity,
therefore, cannot rank methods on whether they correctly redirected real dynamic scenes.

Distributional and quality metrics. FID [ 19], FVD [53], CLIP similarities [45], and VBench
quality dimensions [25] measure realism, semantic similarity, and temporal quality at the dataset
level. None of them are conditioned on the requested camera path: a generated video can score well
by remaining visually plausible while ignoring the path or placing the foreground subject incorrectly,
as illustrated in Fig. 1. They are therefore useful as diagnostics for general video quality but cannot
rank methods on whether they actually executed the requested redirection.

Camera-pose metrics. Rotation and translation errors directly 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 therefore
not a faithful proxy for successful camera redirection, which is why Redirect4D-Bench complements
it with subject �delity (Sec. 4.4).

4.3 Camera Accuracy

Camera accuracy asks whether the generated videobVtgt follows the target trajectoryf� tgt
t gT

t=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
f b� t gT

t=1 from the generated video itself; this makes the metric independent of any baseline-speci�c
camera representation or output format.

Pose recovery and alignment. We run ViPE [23] with its lyra con�guration on each generated
video to recover per-frame posesb� t = ( bRt ;bt t ). To remove the arbitrary global offset inherent to
monocular pose recovery, both target and recovered trajectories are expressed relative to their �rst
frame, so the metric reports per-frame deviation from the requested arc rather than absolute world
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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 �rst frames, and it
should be read alongsideRotErr , which is scale-invariant. Fig. 4 (top right) shows the scene that
ViPE reconstructs from the generated video, alongside the estimated and target trajectories plotted in
separate 3D coordinate frames.

Rotation and translation error. Following camera-control works [4, 17], per-frame errors against
the aligned target �tgt

t = (R tgt
t ; t tgt

t ) are

RotErr t = arccos
�

tr(R tgt
t

bR >
t )�1

2

�
; TransErr t = kt tgt

t � bt t k2:

Benchmark-levelRotErr andTransErr are computed by averaging per-frame errors within each
case, then over the 83 retained cases.

4.4 Subject 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. Subject
�delity (Fig. 4, subject-�delity 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 predicted masks. For each generated video, we apply SAM [10] to obtain a
predicted subject mask at every frame and compare against the per-case pseudo ground-truth target
mask from Sec. 3. Subject-�delity metrics use the clip lengthT de�ned in Sec. 4.1 (T = 45) as their
denominator; by design, every retained case has a non-empty pseudo-GT target mask in allT frames
(Sec. 3.2). Frames where SAM returns an empty or invalid mask therefore count directly as failures.

Detection and recognition. Detection asks whether the subject is rendered where the reference
expects it:detected(t) holds iff the predicted SAM mask and the reference target mask at framet are
both non-empty. Recognition re�nes this by asking Qwen3-VL-32B [5] whether the predicted subject
is structurally plausible for the case's category;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 =
jft : detected(t)gj

T
; R =

jft : recognized(t)gj
T

; R � D:

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

Subject 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

TX

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.
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Traditional metrics Redirect4D-Bench metrics

CLIP " VBench " Camera acc. # Object �delity " Subject loc. "

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

ReCamMaster 0.317 0.983 0.935 0.931 0.911 0.962 0.984 0.507 0.709 0.21927.313 0.727 1.000 0.756 0.095 0.071
TrajectoryCrafter 0.311 0.949 0.846 0.796 0.907 0.933 0.968 0.498 0.748 0.2233.985 0.152 1.000 0.044 0.493 0.022
Gen3C 0.301 0.949 0.849 0.814 0.939 0.958 0.984 0.498 0.685 0.2157.099 0.157 1.000 0.178 0.507 0.090
FreeOrbit4D 0.304 0.934 0.858 0.874 0.934 0.952 0.982 0.554 0.703 0.2230.793 0.027 1.000 1.000 0.919 0.919

Figure 5: Case-level comparison on a camel case. (Left) the source clip and the four baselines'
generated target-view frames, each with a human-evaluation 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.

5.1 Baselines

We evaluate four camera-redirection systems on the83 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 re�ect the methods rather than the inputs.

(i) ReCamMaster [4] 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 [ 68] estimates per-frame depth from the source video, unprojects it into
a dynamic point cloud, renders the cloud along the target trajectory, and re�nes the result with a
CogVideoX-based diffusion model [65]. For a fair comparison, we replace its DepthCrafter [22]
front-end with ViPE [23], matching Gen3C and our pseudo-GT pipeline.

(iii) Gen3C [48] builds a spatiotemporal 3D cache from the source video and renders it along the
target camera path as the diffusion condition. We feed ViPE [23] depth, poses, and intrinsics into its
dynamic-video path, with each trajectory mapped to Gen3C's native yaw/pitch/roll/scale parameters.

(iv) FreeOrbit4D [ 9] performs training-free camera redirection by reconstructing a 4D scene from
the source clip and re�ning the renders with video diffusion; we run its published con�guration on
each Redirect4D-Bench case without modi�cation.

5.2 Results

We present results in two steps: a single representative case (Fig. 5) and the aggregate over all83
retained cases (Table 1).
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