Learning to Correct Geometry in Generated Videos
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Figure 1: Video Geometry Corrector (VGC) corrects geometry distortions in generated videos. Under large
camera motion, modern video generators often produce warped structures, inconsistent parallax, and drifting
scene layouts (red boxes). VGC refines these outputs into geometry-consistent videos. When scaled to a larger
backbone, it further extends to general video refinement, including dynamic scenes with distorted human or
object motion. Project page: https://weijielyu.github.io/VGC.

Abstract

Generated videos often lose geometric consistency under camera motion: structures
warp under viewpoint change, parallax becomes inconsistent, and smooth camera
movement may collapse into shot-like transitions. We argue that this failure is
largely a data problem. In web-scale video corpora, most visible motion comes from
dynamic objects captured by static or weakly moving cameras, leaving only sparse
supervision for viewpoint-induced appearance changes. To address this, we propose
Video Geometry Corrector (VGC), a post-hoc video-to-video model trained on
synthetic paired supervision. Starting from real videos with diverse camera motion
and pose annotations, we construct VG-Pairs with a synthetic paired-supervision
data generation pipeline. Each video clip is treated as a geometry-consistent target
and paired with a distorted counterpart synthesized by a pretrained image-to-video
inpainting model using trajectory-adaptive keyframes. VGC learns to map the
distorted input to the geometry-consistent target without modifying the source
generator, and uses optical flow as an auxiliary cue to help disentangle camera
motion from object motion. Experiments on pose-conditioned and prompt-driven
benchmarks show that VGC improves geometric consistency across multiple source
generators, and scaling to a larger backbone further extends the framework toward
more general video refinement.
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1 Introduction

Recent video generation models can synthesize visually compelling clips from text, images, or video
conditions [1, 2, 3, 4, 5, 6, 7, 8]. However, their apparent ability to behave as world simulators often
breaks down once the camera moves. Rigid structures may warp under viewpoint changes, parallax
may become inconsistent, scene layout may drift across frames, and continuous camera motion
may collapse into shot-like transitions. These failures are especially severe under large viewpoint
changes, showing that current models often generate plausible frame sequences but fail to maintain a
stable 3D scene layout. We argue that camera-motion-induced geometric distortion is largely a data
problem. In web-scale video corpora, most visible motion comes from dynamic objects captured by
static or weakly moving cameras, leaving only sparse supervision for viewpoint-induced appearance
changes. As a result, camera motion and object motion are easily entangled: when asked to generate
a moving-camera shot, a model may explain the visual change by deforming scene structure rather
than maintaining a stable 3D layout.

To address this problem, existing works have largely followed two directions. The first makes the
generator more geometry-aware by introducing 3D supervision or spatial priors during training [9,
10, 11, 12, 13]. However, as foundation models evolve rapidly and are often accessible only through
checkpoints or inference APIs, modifying the source model is not always feasible. The second
direction applies post-hoc video refinement [7, 14, 15]. These methods primarily target pixel-
level restoration, such as super-resolution, denoising, and temporal smoothing, thereby improving
appearance without explicitly correcting the underlying geometric distortion. Post-hoc geometry
correction, which requires reasoning about 3D structure under camera motion, remains comparatively
underexplored.

The key bottleneck is the training data. Training a geometry corrector requires paired supervision: a
geometry-distorted video and a geometry-consistent target that follows the same camera trajectory.
Such pairs are nearly impossible to collect in the real world. To address this challenge, we construct
the VG-PFairs dataset using a paired-supervision data generation pipeline. Starting from real videos
with diverse camera motion and annotated poses, we synthesize distorted counterparts using Wan 2.1-
Fun-InP, a pretrained image-to-video inpainting model based on Wan [4]. Instead of conditioning only
on the first and last frames, we adopt a trajectory-adaptive keyframe strategy that inserts additional
keyframes at abrupt pose changes, enabling stable generation of shorter subsegments that are later
stitched together. This process produces paired videos with identical semantics and similar camera
motion, but different geometric fidelity.

Built on VG-Pairs, we propose Video Geometry Corrector (VGC), a video-to-video diffusion model
that transforms geometry-distorted videos into structurally coherent outputs. VGC restores stable
scene geometry without regenerating videos from scratch, preserving scene content and object
appearance. To further disentangle camera motion from object motion, we incorporate optical flow as
an auxiliary structural cue. Optical flow separates globally coherent camera-induced motion from
local object dynamics, helping the model determine what to correct and what to preserve.

Although our main focus is correcting geometry in static scenes under camera motion, scaling VGC
to larger-capacity models naturally extends its capability to dynamic videos containing human and
object motion, moving toward general video refinement. This flexibility distinguishes VGC from
prior geometry-focused approaches [16, 10], which typically focus on static environments. The main
contributions of this work are:

* We identify a critical gap in post-hoc video refinement and attribute camera-induced geometric
distortions to insufficient supervision for viewpoint-induced appearance changes.

* We address the paired-data bottleneck with VG-Pairs, a synthetic paired-supervision dataset built
from real videos with camera motion and their trajectory-aware geometric distortions.

* We propose VGC, a post-hoc video-to-video geometry corrector augmented with optical flow
cues, demonstrating strong structural restoration, cross-generator transferability, and scalability
to dynamic videos.

2 Related Work

Geometry-consistent video generation. Recent video diffusion models such as Sora [1],
CogVideoX [2], HunyuanVideo [3], and Wan [4] achieve strong visual quality, yet maintaining



geometric consistency under camera motion remains challenging. Most existing approaches address
this issue at the generator or training level. Some methods introduce explicit geometric supervision
during training. GeoVideo [9] incorporates depth prediction and cross-frame consistency losses.
Geometry Forcing [10] aligns intermediate features with pretrained 3D foundation models [17], and
Epipolar Geometry Improves Video Generation Models [11] introduces epipolar constraints during
fine-tuning. Other approaches improve geometry through post-training alignment or reward opti-
mization. VideoGPA [16] derives preference signals from reprojection consistency, VideoREPA [18]
transfers physical reasoning from video foundation models, and VGGRPO [19] extends geometry-
aware rewards into latent space for dynamic scenes. A third direction incorporates explicit 3D
structure into the generation pipeline. World-consistent Video Diffusion [12] maintains a point-cloud
memory for spatial consistency, while GEN3C [13] uses geometric priors for camera-controlled video
generation. In contrast, VGC frames geometry correction as a post-hoc video-to-video task, avoiding
modification of the source generator and enabling transfer across model families.

Video refinement and enhancement. A separate line of work improves generated or degraded
videos through post-processing. Upscale-A-Video [7], SeedVR [14], and SeedVR2 [20] focus on
restoration and super-resolution, progressing from multi-step diffusion upscaling to single-step
arbitrary-resolution enhancement. Meanwhile, several works [8, 21] introduce new datasets to refine
high-resolution video generation. VEnhancer [15] jointly improves spatial and temporal quality using
a space-time controller on pretrained diffusion priors. Enhance-A-Video [22] enhances temporal
consistency in DiT-based models without retraining. ReVision [23] refines coarse videos using
3D object-centric representations and physical motion priors. Despite improving visual quality,
temporal smoothness, and motion plausibility, these methods largely overlook post-hoc correction
of scene-level geometric consistency under camera motion. VGC differs by targeting geometry
correction, using paired supervision constructed from real videos to repair structural inconsistency
while preserving scene content and motion.

3 Method

Our goal is to restore geometric consistency in generated videos under camera motion. We attribute
these failures to insufficient supervision for viewpoint-induced appearance change in existing video
data. Instead of modifying each video generation model to learn stronger geometric priors, we
formulate geometry correction as a post-hoc video-to-video task and train a separate corrector with
paired supervision. This decouples geometry correction from video generator design, making our
method applicable across different model families.

Our framework consists of two stages. First, we build VG-Pairs by synthesizing paired distorted inputs
and geometry-consistent targets from real videos with diverse camera motion and pose annotations.
Second, we train a video-to-video diffusion model, VGC, on these pairs to correct geometry. Optical
flow extracted from the distorted input serves as an auxiliary cue for disentangling camera motion
from scene dynamics.

3.1 Paired Supervision from Videos with Camera Motion

The central design choice is to use videos with diverse camera motion not merely as additional
training data for a generator, but as a source of correction pairs for a video-to-video task. Hence,
we construct VG-Pairs, a dataset of geometry-distorted videos paired with geometry-consistent
supervision, using the following data generation pipeline. Let x = (z1, ..., z7) denote a real video
clip with camera poses p = (p1, ..., pr), where each pose is represented as p; = (t;,q;) with
camera position t; € R? and rotation q; € S®. We treat x as the geometry-consistent target and
synthesize a distorted counterpart, y, using Wan 2.1-Fun-InP, a pretrained image-to-video inpainting
model based on Wan [4]. Given a start frame and an end frame, this model generates the intermediate
video that connects them.

To make y useful for supervision, it should preserve the scene identity and approximately follow the
camera trajectory of x while still exhibiting geometric errors. We therefore select a trajectory-adaptive
set of keyframes K = {kiy,...,kn11} with1 = k; < -+ < k1 = T, and generate one video
segment between each consecutive keyframe pair. Figure 2 illustrates the motivation: for clips with
large, nonlinear camera motion, conditioning only on the first and last frames can lead the inpainting
model to produce a shortcut trajectory that deviates from the ground-truth path, whereas adaptive
keyframe selection yields distorted videos that remain close to the target trajectory.
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Figure 2: Effect of adaptive keyframe selection. The red arrows indicate a constant 3D direction while the
camera is moving. For clips with large, nonlinear camera motion, conditioning the image-to-video model only
on the first and last frames often produces a shortcut trajectory that deviates substantially from the ground-truth
path (top; about 45° rotation versus about 225° in the ground truth). Our adaptive keyframe selection inserts
intermediate keyframes, generates shorter segments conditioned on their boundary keyframes, and stitches them
together. This produces geometry-distorted videos that remain close to the target camera trajectory and are
therefore suitable as paired training data (middle), compared with the ground-truth supervision video (bottom).

We first estimate the total amount of camera motion in the clip. For each adjacent frame pair, we mea-
sure rotational change by the geodesic distance between quaternions, A¢; = 2 arccos(|{q;, Qi+1)])s
and translational change by the Euclidean displacement |[t; 11 — t;||2. Summing these local changes
over the full clip gives the total rotation and translation:

T-1 7-1
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We then choose how many trajectory segments are needed so that each segment covers only a
manageable amount of motion. Concretely, Ry.s and Dy., denote the target rotation and translation
budget for a single segment. We compare the total motion of the clip against these budgets along
both axes and let the larger normalized motion determine the number of segments, capped at M ax:

m = miH<Mmax7max<17 ’Vmax<g::;7 ZD)::;>-‘>) . (2)

If necessary, we further reduce m so that each segment contains at least L,y;, frames. As a result, short
or nearly linear trajectories are handled with a single segment, whereas clips with larger accumulated
motion are divided into shorter intervals that are easier for the inpainting model to follow.

Once m is fixed, we place the m — 1 interior keyframes at moments of peak trajectory inflection,
the exact points where the generator is most prone to geometric drift. To capture such changes, we
compute the local translation and rotation increments, v; = t;41 — t; and w; = log(q,+14q; 1), and
assign each interior frame a motion-change score:

S(’L) = O(Vi_l,Vi) + a@(wi_l,wi), (3)

where 6(-, -) denotes the angle between two vectors, and each term is suppressed when the corre-
sponding motion magnitude is below a small threshold. A large score indicates a sharp change in
translation direction, rotation direction, or both. We select up to m — 1 interior keyframes by greedy
non-maximum suppression over s(%), enforcing a minimum temporal separation of Ly, . If fewer
than m — 1 reliable peaks are selected, we place the remaining keyframes by approximately uniform
partition of the largest uncovered gaps.

Given the final keyframe set K, we generate each segment independently by conditioning the
inpainting model on the boundary frames xy; and zy, . Concatenating the resulting subclips and
removing duplicated boundary frames yields the distorted counterpart y. This adaptive construction
keeps the synthesized video close enough to the target that the learning problem remains correction
rather than regeneration, while still inducing the geometric failures of interest, such as structural

warping, inconsistent parallax, depth-order violations, and shot-like transitions.
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Figure 3: Overview of Video Geometry Corrector (VGC). Starting from a real video with diverse camera
motion, we select trajectory-adaptive keyframes and use them to condition an image-to-video inpainting model,
which produces a geometry-distorted video that serves as the training input. We then train VGC to map this
distorted input to the geometry-consistent target video with a reconstruction loss. Optical flow is computed
from the distorted video and used as an additional conditioning signal for VGC, providing motion cues that help
disentangle camera motion from scene dynamics. The 3D reconstruction is shown here only for visualization
and is not used in the pipeline.
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3.2 Motion Disentanglement with Optical Flow

Geometry distortions under camera motion arise in part because current video training data contains
rich human and object motion, but relatively sparse supervision for viewpoint-induced appearance
change. As a result, video models can confuse camera motion with scene dynamics, and may explain
viewpoint change by deforming scene structure instead of preserving a stable 3D layout. Geometry
correction is therefore not only a restoration problem, but also a motion disentanglement problem.

Optical flow provides a natural auxiliary representation for this purpose. Unlike RGB frames, which
entangle appearance and motion, optical flow explicitly represents motion through its location,
direction, and magnitude. Camera motion tends to induce a globally coherent motion field, whereas
object motion appears as local deviations from that field. We therefore compute forward optical flow
between consecutive frames of the distorted input video and use it as an additional conditioning signal
for the correction model. Because the flow is computed from the distorted input rather than the target,
the same signal is available during both training and inference. Optical flow does not supervise the
model directly; instead, it provides motion structure that helps distinguish what should be corrected
from what should be preserved.

3.3 Video Geometry Corrector

Figure 3 summarizes the overall data generation and training pipeline. VGC is built on a pretrained
video diffusion backbone [4] and trained to map a distorted input video y to its geometry-consistent
target x. Let E(-) denote the video encoder, and let z = E(x) be the latent representation of the
target video. During training, we sample a diffusion timestep ¢ and Gaussian noise ¢, and construct
the noisy latent z, in the standard way. The denoising network is trained to predict € conditioned on
the distorted input video, the clip text prompt, and the optical flow maps:

L=E. ||e—eg(zt,t,c)|\§}, )

where ¢ denotes the distorted-video latent, the text condition, and the optical flow condition. We
inject the video and flow conditions through channel concatenation, while the text prompt is provided
through cross-attention. The model is thus trained to preserve scene content and camera intent while
denoising toward a geometry-consistent target. At inference, VGC takes a distorted input video,
computes optical flow from it, and performs conditional denoising to produce a geometry-corrected



output. Because the model is trained as a separate video-to-video corrector, it can refine videos from
different generators without modifying the source model itself.

4 Experiments

4.1 Experimental Setup

Implementation details. We construct VG-Pairs from two publicly available datasets, DL3DV [24]
and Spatial VID [25]. We select 9K videos from DL3DYV, reserve the first 1K for evaluation, and filter
63K videos from Spatial VID that contain large camera motion. To construct paired supervision, we
use Wan 2.1-Fun-InP to synthesize geometry-distorted videos from trajectory-adaptive keyframes.
Given a start frame and an end frame, Wan 2.1-Fun-InP generates the intermediate video connecting
them. For clips with complex camera motion, we apply this model independently to multiple
keyframe-bounded subsegments and stitch the generated segments together to form the distorted
training input. Because Wan’s VAE temporally compresses the video, keyframes are selected so that
each generated subsegment has a frame count compatible with the temporal compression schedule.
We use Wan 2.1-1.3B [4] as the backbone of VGC. The model is trained for 10K steps on 32 H100
GPUs with AdamW, using a learning rate of 1 x 1075, weight decay 0.01, and a global batch size of
64. Unless otherwise specified, all training videos contain 81 frames at a resolution of 832 x 480.
Optical flow is estimated with SEA-RAFT [26] and used as an additional conditioning signal. We
use Mg =4, Rseg =120°, Dgeg =10m, Ly, =15, and v = 1.

Evaluation datasets and metrics. To evaluate VGC’s performance, we study two scenarios in
which camera motion is introduced. In the first setting, camera motion is specified by camera poses.
Following Geometry Forcing [10], we evaluate on RealEstate10K [27] using 100 randomly sampled
test videos and DFoT [28] as the source generator. We compare against Geometry Forcing and
Geometry Forcing + REPA [29], and report PSNR, SSIM, LPIPS [30], and revisit error (RVE).
Following [10], RVE measures long-range consistency under a full camera rotation by comparing
the generated view at the end of the trajectory with the corresponding reference view. In the second
setting, camera motion is induced by the text prompt. We use three source generators in this setting:
CogVideoX-5B 12V, CogVideoX-5B T2V, and CogVideoX 1.5-5B T2V. We randomly sample 200
prompts from the held-out DL3DV test set. Following VideoGPA [16], we reconstruct each generated
video independently using Depth Anything 3 [31] and compare its original frames with frames
reprojected from the reconstructed 3D geometry to compute PSNR, SSIM, LPIPS [30], MSE, and
3D consistency score (3DCS). Unlike the pose-conditioned setting, these metrics do not require
ground-truth video frames. In both settings, VGC is applied as a post-hoc corrector to the outputs of
the source generator, demonstrating its flexibility across different video model families.

Table 1: Quantitative results on RealEstatel10K [27]. VGC 4‘ 4. l 1
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ing and more coherent scene geometry.

4.2 Experimental Results

Results on RealEstatel10K. Table 1 shows that VGC improves geometric consistency in the pose-
conditioned setting and achieves stronger PSNR, SSIM, and RVE than the DFoT baseline [28]. When
applied as a post-hoc corrector to the outputs of Geometry Forcing [10] and Geometry Forcing +
REPA [10, 29], VGC further improves their results, demonstrating that it can be flexibly combined
with geometry-aware generators. Figure 4 provides qualitative examples of the improved temporal



Table 2: Quantitative results on DL3DV [24]. We evaluate VGC on three CogVideoX [2] source generators
in both text-to-video and image-to-video settings. VGC consistently improves PSNR, SSIM, and MSE over
the corresponding baselines, and further improves VideoGPA [16] when applied as a post-hoc corrector. These
results show that VGC transfers across different generation settings and can be flexibly combined with other
geometry-aware refinement methods.

Method CogVideoX-5B T2V CogVideoX 1.5-5B T2V CogVideoX-5B 12V

PSNRT  SSIMT  LPIPS|, MSE| 3DCS|, PSNRt  SSIMt LPIPS| MSE|/ 3DCS] PSNRT SSIMT LPIPS|, MSE| 3DCS|

Baseline 15.6668  0.5389 0.5285 0.0333  0.8617 159062  0.4644 0.5449 0.0289  0.8342 173189 0.5543 0.5760  0.0218 0.7944

Baseline + VGC 166940 05519 05733 00264 08376 177342 05284 05936 00192 07859 17.9989 05456  0.6284 00184 08121
aseline + (+1.0272) (+0.0130) (+0.0448) (-0.0069) (-0.0241) (+1.8280) (+0.0640) (+0.0487) (-0.0097) (-0.0483) (+0.6800) (-0.0087) (+0.0524) (-0.0034) (+0.0177)
VideoGPA [16] 146318 05210 05065 00428 09346 144002 04175 05531 00408 09614 157203 05240 05749 00320 08952
VideoGPA [16]4 vGe 139092 05413 05546 00319 0737 168430 05039 05907 00235 08258 173053 05379 06216 00225 08463
1deof * (+1.2774)  (+0.0203) (+0.0481) (-0.0109) (-0.0609) (+2.4428) (+0.0864) (+0.0376) (-0.0173) (-0.1356) (+1.5850) (+0.0139) (+0.0467) (-0.0095) (-0.0489)

CogVideoX CogVideoX + VGC VideoGPA VideoGPA + VGC

Figure 5: Visual results on DL3DV [24]. The first two rows show image-to-video results. In the baseline
CogVideoX [2] outputs, the streetlight is duplicated, while VideoGPA [16] produces a distorted and tilted
streetlight (red boxes). VGC corrects these geometric errors and restores a more plausible structure. The last
row shows a text-to-video example, where VGC better preserves the original appearance of the sculpture, while
VideoGPA changes its structure and other scene details.

consistency and scene structure. Overall, these results support our claim that VGC improves both
local visual quality and cross-frame geometric consistency under camera motion.

We also conduct an ablation study in this setting to evaluate the effect of optical flow as an auxiliary
conditioning signal. Comparing the full model with the variant without flow in Table 1, we find that
optical flow improves PSNR, SSIM, and RVE. These results suggest that flow helps improve local
structural consistency, and that VGC’s main gains come from the paired supervision itself.

Results on DL3DV. Table 2 shows that VGC improves reconstruction quality and geometric consis-
tency across all three CogVideoX source generators in both text-to-video and image-to-video settings.
Compared with the original baselines, VGC consistently improves PSNR, SSIM, and MSE, indicating
better frame fidelity under prompt-driven camera motion. When applied on top of VideoGPA [16],
VGC further improves its results, showing that the proposed corrector can be flexibly combined with
geometry-aware refinement methods. Figure 5 provides qualitative examples in which VGC corrects
geometric distortions while better preserving scene appearance.

4.3 Extension to General Video Refinement

We further investigate whether the proposed correction framework can extend beyond geometry
correction in static scenes. To this end, we train a larger version of VGC based on Wan 2.2-14B and
evaluate it in a more general video refinement setting. With increased model capacity, VGC not only
corrects geometric distortions under camera motion, but also improves dynamic videos by recovering
more plausible human and object geometry. As shown in Figure 6, the smaller 1.3B version does not
exhibit the same ability to recover dynamic motion. Because the 14B model takes 480p videos as
input and produces 720p outputs, it also performs super-resolution as part of the refinement process.
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Figure 6: Comparison of model sizes. In static scenes (top), both VGC 1.3B and 14B correct geometric
distortions produced by the baseline model that SeedVR2 [20] and VEnhancer [15] fail to restore (red boxes).
The 14B model further improves the geometry of moving humans and objects in dynamic scenes (bottom).

Table 3: General video refinement results on Spatial VID [25]. We compare VGC with general video refinement
and enhancement methods [20, 15] on dynamic videos generated by CogVideoX [2], HunyuanVideo [3],
and Wan [4]. Although VGC is designed for geometry correction under camera motion rather than generic
enhancement, it achieves competitive performance across multiple perceptual and temporal metrics, and is
particularly strong in dynamic degree, imaging quality, and DOVER [32]. These results suggest that the proposed
correction framework extends beyond static-scene geometry and remains effective in more general settings.

Subject Background Te':mpo'ral Motion Dynamic Aesthf:tic Imagi'ng DOVER [32]
Method Consistency Consistency Flickering Smoothness  Degree Quality Quality
CogVideoX-12V [2]
Baseline 0.9480 0.9455 0.9742 0.9918 0.30 0.5095  69.6945 9.54
SeedVR2 [20] 0.9447 0.9476 0.9603 0.9829 0.30 0.5313  71.1767 8.31
VEnhancer v2 [15] 0.9506 0.9602 0.9749 0.9920 0.31 0.5237  69.3742 10.31
VGC (Ours) 0.9483 0.9450 0.9772 0.9891 0.66 0.5011  72.7654 10.50
HunyuanVideo 1.5-12V [3]
Baseline 0.8970 0.9231 0.9592 0.9829 1.00 05133  73.7167 10.10
SeedVR2 [20] 0.8967 0.9167 0.9415 0.9714 1.00 0.5539  72.2762 7.89
VEnhancer v2 [15] 0.9061 0.9294 0.9596 0.9860 0.99 0.5301  71.9688 9.85
VGC (Ours) 0.8995 0.9282 0.9482 0.9799 0.96 0.4849  75.1367 9.30
Wan 2.1-Fun-InP [4]
Baseline 0.9247 0.9239 0.9712 0.9914 0.87 0.5043  69.5165 10.87
SeedVR2 [20] 0.9217 0.9231 0.9547 0.9809 0.87 0.5431  72.9463 8.23
VEnhancer v2 [15] 0.9242 0.9371 0.9702 0.9909 0.85 0.5254  70.6322 10.78
VGC (Ours) 0.9268 0.9281 0.9641 0.9907 0.89 0.5141  72.6499 11.47

For evaluation, we randomly sample 100 held-out videos from Spatial VID [25] and compare against
general video refinement methods, including SeedVR2 [20] and VEnhancer v2 [15]. To demon-
strate the flexibility of VGC, we apply it to videos generated by three different source models:
CogVideoX [2], HunyuanVideo 1.5 [3], and Wan 2.1 [4]. CogVideoX and HunyuanVideo 1.5 are
evaluated in the image-to-video setting, while Wan 2.1 is evaluated in the inpainting setting. Since
these videos contain dynamic content and do not admit a geometry-consistent reconstruction tar-
get, we evaluate them with no-reference video-quality metrics rather than reconstruction metrics.
Specifically, we report VBench [33] metrics together with DOVER [32], a holistic no-reference
video-quality metric that summarizes technical and aesthetic quality.

The quantitative results in Table 3 show that VGC achieves performance comparable to strong video
refinement baselines across a range of perceptual and temporal metrics, despite not being explicitly
designed for generic enhancement. In particular, it remains consistently competitive in subject
consistency, background consistency, and motion quality, while achieving strong results in dynamic
degree, imaging quality, and DOVER. These results suggest that, when scaled to larger backbones,
the proposed correction framework naturally generalizes to broader video refinement settings.

Figure 7 provides qualitative examples. VGC corrects implausible geometry changes, recovers more
plausible camera motion, restores distorted structural details, and better preserves human identity and
motion continuity. It also improves local detail through super-resolution while remaining faithful to
the source video.
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Figure 7: General video refinement results. VGC corrects several geometric failures produced by the baseline
models. In scene 1, HunyuanVideo [3] changes the cabinet into a glass door, while VGC restores the correct
scene structure and camera motion, placing the door on the right side of the cabinet. In scene 2, HunyuanVideo
generates a camera trajectory that passes through the wrong side of the doorway, whereas VGC recovers a
plausible path. In scenes 3 and 4, VGC restores a consistent appearance and recovers fine geometric structure,
such as the wooden supports. In the dynamic scenes, VGC better preserves identity and motion continuity: in
scene 5, it maintains the same man in the leather jacket across frames and recovers a plausible motion trajectory,
whereas the Wan baseline fails to infer coherent human motion; in scene 6, it restores the missing cyclist
produced by CogVideoX [2]. The green boxes further show that VGC enhances local detail while remaining
more faithful to the source video than SeedVR2 [20] and VEnhancer [15]. Please zoom in for details.

5 Conclusion

We presented Video Geometry Corrector (VGC), a post-hoc video-to-video model for correcting
geometric distortions in generated videos under camera motion. We argued that these failures are
largely a data problem: current video training data provides limited supervision for viewpoint-induced
appearance change, causing camera motion to be entangled with scene dynamics. To address this,
we constructed VG-Pairs from real videos with diverse camera motion and trained VGC to map
geometry-distorted videos to geometry-consistent targets. We further incorporated optical flow
as an auxiliary cue to help distinguish what should be corrected from what should be preserved.
Experiments on pose-conditioned and prompt-driven benchmarks show that VGC improves geometric
consistency across different source generators and can be flexibly combined with existing geometry-
aware methods. With increased model capacity, the same correction framework also extends beyond
static-scene geometry toward more general video refinement.
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