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Text-to-Video Text / Image-to-4DGS

A chandelier hanging under a grand piano in a busy hotel lobby. Elderly woman watering red rose.

A llama walking on the left side of 
a motorcycle in a city street. A blue car driving down a dirt road near train tracks.Girl in pink sweater holding a golden trophy.

A pink balloon drifts past a green traffic light on the street.
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Figure 1: Generated 4DGS and rendered videos from GeoFix. Our geometric consistency reward
yields more coherent 4D representations through both training and inference-time alignment.

ABSTRACT

Video diffusion models increasingly serve as priors for 4D generation, but the
generated videos often lack geometric consistency. Recent approaches address
this through post-training by designing geometric rewards, yet this can degrade
texture and fine detail, requiring auxiliary appearance rewards and careful reward
balancing. To address this challenge, we propose GeoFix, a unified framework
that improves geometric consistency and visual quality with a single geometric
reward, applicable to both training and inference-time reward alignment. Our
reward measures cross-view depth consistency in static scene regions, targeting
structural inconsistencies without directly constraining appearance or penalizing
valid object motion. Crucially, depth agreement increases with camera field-of-
view overlap even in real videos and 4D datasets, allowing a smaller camera move-
ment to be mistaken for better geometry. We account for this effect by calibrating
the reward against the overlap-dependent trend. GeoFix achieves a 39% improve-
ment in WorldScore 3D consistency and a 4% increase in VBench Quality Score.

1 INTRODUCTION

Video diffusion models (VDMs) (Wan et al., 2025; Yang et al., 2024) have achieved impressive
visual fidelity by learning from large-scale video data. However, their outputs can contain geometric
inconsistencies, such as background structures deforming or drifting as the camera moves (Duan
et al., 2025). These artifacts limit their use as priors for 4D generation (Wu et al., 2024; Wang
et al., 2025; Yang et al., 2026), which requires scene structure and dynamics to remain coherent
across time and viewpoints. Improving this geometric coherence is essential for turning visually
compelling videos into reliable dynamic scene representations.

Project Page: https://yeobinhong.github.io/GeoFix/
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Recent work has therefore explored reward-based post-training to improve the geometric consis-
tency of pretrained video models. One line of work provides indirect geometric feedback by assess-
ing the visual quality or plausibility of rendered views using learned preference models or VLMs (Go
et al., 2026; Wang et al., 2026). Such feedback is informative, but it conflates geometric inconsis-
tency with appearance and rendering fidelity, which limits its ability to target geometric errors.

Other rewards evaluate consistency more directly through RGB reconstruction errors (Go et al.,
2026; Du et al., 2026), epipolar constraints (Kupyn et al., 2026), depth agreement (An et al., 2026),
or agreement between geometric reprojections and tracked correspondences (Yin et al., 2026). How-
ever, optimizing these rewards can favor outputs that are easier to match or reconstruct, improving
consistency at the expense of visual detail (Go et al., 2026; Kupyn et al., 2026). To mitigate these ef-
fects, existing methods introduce additional rewards that penalize nearly static videos (Kupyn et al.,
2026; Yin et al., 2026) or reward visual quality (Go et al., 2026), or use explicit preference-data fil-
tering (Du et al., 2026). This reliance on auxiliary rewards or preference-data filtering complicates
alignment design, requiring additional choices about reward weights or sample-selection thresholds.

Therefore, current rewards that evaluate 3D consistency fall short of the broader goal of geometric
alignment: correcting structural inconsistencies without harming the visual richness of pretrained
models. Since geometric inconsistencies are themselves visual defects, we argue that correcting
them should also improve video quality. This motivates our central question: can a single geometric
reward improve both geometric consistency and video quality without auxiliary rewards?

In this paper, we introduce GeoFix, a framework that improves both geometric consistency and
video quality using a single geometric reward. GeoFix combines three components: our FOV-
CALibrated geometric reward (FOCAL), a stitched 4D reconstructor, and alignment methods.

At the core of GeoFix, FOCAL measures cross-view depth consistency to target scene structure
without directly requiring colors or textures to match. We restrict the comparison to static scene re-
gions to avoid penalizing valid object motion as geometric inconsistency. A key observation behind
FOCAL is that depth agreement is not determined by geometry alone. Even clean real videos score
higher when the camera field-of-view (FOV) overlap is larger. FOCAL therefore calibrates depth
agreement against the score expected for a given overlap, using the relationship estimated from clean
real videos and 4D datasets and kept fixed during optimization. This reduces the extent to which
greater overlap alone is rewarded as better geometry.

To compute FOCAL directly from generated video latents, we adapt model stitching (Go et al.,
2026) to a pretrained 4D reconstructor (Yang et al., 2026). This bypasses RGB decoding and the
reconstructor’s early layers, and is more robust to the latent noise introduced during generation (Go
et al., 2026). The resulting model supplies depth and camera estimates for reward computation while
producing an explicit 4D Gaussian representation from the latent.

FOCAL can be integrated into existing methods for both post-training and inference-time alignment.
We demonstrate this within GeoFix using DiffusionNFT (Zheng et al., 2025) for post-training, and
best-of-N and DPS-style gradient-based guidance (Chung et al., 2023) at inference time. Exper-
iments on WorldScore (Duan et al., 2025) and VBench (Huang et al., 2023) show that GeoFix
outperforms baselines in geometric consistency and video quality, while also improving camera ac-
curacy. We further demonstrate its effectiveness in 4D Gaussian scene generation, producing more
stable background geometry and coherent object motion.

2 RELATED WORK

Diffusion Model Alignment. Reward alignment adapts pretrained models using rewards or prefer-
ences through post-training or inference-time steering. Post-training methods include differentiable
reward optimization (Clark et al., 2023), reward-weighted regression (Lee et al., 2023), policy-
gradient methods (Black et al., 2024; Fan et al., 2023; Liu et al., 2025), and direct preference opti-
mization (Wallace et al., 2023). Inference-time approaches include best-of-N selection (Ma et al.,
2025), particle resampling (Singhal et al., 2025), gradient-free guidance (Kim et al., 2025), and
sampling-noise optimization (Tang et al., 2024). Our work focuses on geometric reward design,
whose effectiveness we evaluate through DiffusionNFT post-training (Zheng et al., 2025), best-of-
N selection and DPS-style gradient guidance (Chung et al., 2023).
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Figure 2: Overview of GeoFix. (a) FOCAL is computed directly from video latents using a stitched
4D reconstructor. (b) We measure cross-view depth reprojection error in static regions and (c) cali-
brate it to remove overlap bias.

Geometric Rewards for Video and 4D Generation. Building on diffusion alignment methods,
recent works develop rewards to improve geometric consistency in video and 4D generation. These
approaches draw on two broad types of feedback: indirect quality assessments and direct geometric
consistency measurements. Indirect feedback assesses the perceived quality or plausibility of gener-
ated and rendered views using preference models or VLMs (Go et al., 2026; Wang et al., 2026). Such
feedback provides useful perceptual supervision, but its dependence on appearance and rendering
fidelity limits its ability to isolate structural errors.

Direct feedback measures reconstruction errors (Go et al., 2026; Du et al., 2026; Park et al., 2025;
Wang et al., 2026; Ge et al., 2026), epipolar constraints (Kupyn et al., 2026), geometric correspon-
dence consistency (Yin et al., 2026; Gu et al., 2025), or depth agreement (An et al., 2026). However,
directly optimizing consistency does not ensure better visual quality. For example, VIST3A (Go
et al., 2026) reports blurred outputs when reconstruction consistency is optimized without a qual-
ity reward. Epipolar-DPO (Kupyn et al., 2026) reports oversaturation with a particular correspon-
dence estimator. Existing methods use auxiliary objectives (Go et al., 2026; Wang et al., 2026; An
et al., 2026; Kupyn et al., 2026; Yin et al., 2026; Li et al., 2026) or preference-data filtering (Du
et al., 2026), complicating alignment design, requiring additional choices about reward weights or
sample-selection thresholds.

We address this challenge by designing a single geometric reward that improves both geometric
consistency and video quality without auxiliary rewards, eliminating the need to balance multiple
reward objectives.

3 METHOD

Our goal is to improve video quality by correcting geometric inconsistencies without unnecessarily
constraining the rich textures and fine visual details of pretrained video models. To this end, we
present GeoFix, a unified framework that aligns video diffusion models with a geometric reward
computed directly on video latents (Figure 2). The proposed reward, FOCAL (FOV-CALibrated
geometric reward), measures cross-view depth agreement in static scene regions. We compute FO-
CAL using geometry obtained from video latents through a stitched 4D reconstructor (Section 3.1).
We identify an overlap bias in raw depth-consistency scores (Section 3.2). FOCAL removes this bias
by calibrating the score against the depth agreement expected at a given overlap (Section 3.3). Fi-
nally, GeoFix applies to any reward alignment method without modification, which we demonstrate
across training and inference-time alignment (Section 3.4).

3.1 LATENT-TO-4D MODEL STITCHING

Our geometric reward requires reliable depth and camera estimates, which must be computed re-
peatedly during video alignment. We obtain these estimates directly from video latents by adapting
model stitching (Go et al., 2026; An et al., 2026) to a pretrained 4D reconstructor (Yang et al.,
2026). This bypasses the VAE decoder and the initial reconstruction layers, avoiding their compu-
tational cost. The choice is further motivated by VIST3A’s finding that stitched 3D reconstruction
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is more robust to latent perturbations than sequential RGB decoding and reconstruction (Go et al.,
2026). Beyond providing geometric feedback, the stitched model produces an explicit 4D Gaussian
representation from the same video latent.

Let F denote the pretrained 4D reconstructor with L layers. A lightweight stitching layer Sϕ maps a
video latent z into the feature space at the output of layer k. We initialize a trainable reconstruction
module Rψ from the remaining layers Fk+1:L. The stitched reconstructor is then defined as

Ψϕ,ψ(z) = Rψ

(
Sϕ(z)

)
=
(
G, {Df ,Tf ,Kf}Ff=1

)
, (1)

where G denotes the reconstructed 4D Gaussian representation, F is the number of frames, Df , Tf ,
and Kf denote the depth map, camera-to-world pose, and camera intrinsics of frame f , respectively.

We train ϕ and ψ jointly by output distillation. For a video x, the frozen teacher F provides the
target F(x). The stitched reconstructor predicts from the latent E(x), where E is the frozen VAE
encoder. We minimize

Lstitch(ϕ, ψ) = Ex∼D

∑
q∈Q

λq

∥∥∥Ψqϕ,ψ(E(x))−Fq(x)
∥∥∥
1

 , (2)

where D contains multi-view image sets and monocular videos of dynamic scenes. Ψq and Fq

denote the q-th output tensor (depth, poses, intrinsics, or Gaussian attributes) and λq weights its
distillation loss. The resulting stitched reconstructor achieves higher reconstruction fidelity than the
original RGB-input reconstructor (see Table 6).

3.2 CROSS-VIEW DEPTH CONSISTENCY REWARD

We base our geometric reward on cross-view depth consistency to constrain scene structure without
directly restricting the model’s freedom to generate rich textures and fine visual details. View-
dependent effects such as specular highlights make RGB an unreliable signal of geometric consis-
tency (Asim et al., 2025), and optimizing it can favor blurred outputs that are easier to match across
views (Go et al., 2026). Instead, depth reprojection evaluates cross-view agreement of the 3D struc-
ture, without requiring colors or textures to match or relying on point-tracking correspondences.

For each frame i, we unproject the depth Di(p) with Ki to obtain the center of the pixel-aligned
Gaussians Xi(p) in camera i’s coordinates. For a frame pair (i, j), we transform these points into
the target camera using the relative pose Ti→j = T−1

j Ti and project them as(
yi,j(p), di,j(p)

)
= Π

(
Ti→j ·Xi(p),Kj

)
, (3)

where Π is the forward projection function, yi,j(p) is the projected pixel location in frame j and
di,j(p) is the target-camera depth. Depth agreement is measured by comparing di,j(p) with the
target depth map Dj , bilinearly sampled at yi,j(p).

Reprojection using camera transformations alone does not account for independent object motion.
To avoid treating valid motion as geometric inconsistency, we introduce a dynamic-region mask and
restrict the comparison to static content in both views. Specifically, we apply a pretrained motion
segmentation network (Huang et al., 2025) to videos rendered from G to obtain per-frame dynamic
masks. We aggregate the remaining depth discrepancies as

MSE =
1

|C|
∑

(i,j)∈C

1

|Vi,j |
∑

p∈Vi,j

(
Dj

(
yi,j(p)

)
− di,j(p)

)2
, (4)

where C contains frame pairs with stride s. The set Vi,j contains source pixels with valid depths
whose projections lie within the target image, have positive target-camera depth, and fall in static
regions in both views. To obtain a reward that increases with depth agreement, we convert this error
into a PSNR score:

Rraw = 10 log10

(
D2

max

MSE+ ϵ

)
, (5)

where Dmax is the maximum depth in the reconstructed clip and ϵ > 0 ensures numerical stability.
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Figure 3: Camera Correlation Analysis. Existing direct and indirect geometric rewards vary with
camera movement, creating a bias toward smaller viewpoint changes. Our FOV-calibrated reward
remains invariant, providing a more reliable measure of geometric consistency.

Observation: Overlap Bias. Although Rraw evaluates structural agreement, a higher score does
not necessarily indicate better geometry. We find that even real videos and multi-view 4D datasets,
which we use as reference videos, exhibit lower depth reprojection errors when camera overlap is
larger (Figure 3). The same dependence holds for existing geometric rewards (Section 4.5). We
refer to this effect as overlap bias. These scores cannot disentangle geometric quality from camera
overlap, so maximizing them favors larger camera overlap without improvement in scene geometry.

To quantify camera overlap, we use the area-weighted IoU of the two cameras’ fields of view (Lee
et al., 2026). We sample a reference sphere centered at the first camera on a uniform azimuth–
elevation grid, and let Af denote the sampled points within camera f ’s field of view. The overlap
between the first and last cameras is

Ω =
||A1 ∩ AF ||
||A1 ∪ AF ||

, (6)

where || · || denotes a count weighted by the cosine of elevation to account for spherical area.

3.3 FOCAL: FOV-CALIBRATED GEOMETRIC REWARD

Motivated by this observation, we use reference videos to estimate the raw depth consistency score
expected at a given FOV overlap. We then evaluate each generated video relative to this overlap-
dependent reference. We estimate the reference by fitting the relationship between the raw depth
score and FOV overlap:

Rraw = α+ β log10 max(Ω, ϵfov) + ξ, (7)
where α is the intercept, β is the slope, and ξ is the residual. The small constant ϵfov > 0 ensures
numerical stability at zero overlap. To compare a generated video’s score with this expected score,
we subtract the fitted overlap-dependent term. The fitted intercept is constant and does not affect
reward maximization, so we omit it from the correction:

RFOCAL = Rraw − β̂ log10 max(Ω, ϵfov), (8)

where β̂ is the slope estimated from reference videos. A high reward therefore indicates strong depth
agreement relative to the expected score for the video’s camera overlap. Equivalently, defining the
calibration coefficient γ = β̂/10, we obtain FOCAL (FOV-CALibrated geometric reward):

RFOCAL = 10 log10

(
D2

max

(MSE + ϵ)max(Ω, ϵfov)γ

)
. (9)

We estimate the calibration coefficient γ only from reference videos and keep it fixed throughout
alignment. On held-out real and generated videos, the corrected score–overlap trend has a near-zero
regression slope, showing that the correction also reduces overlap bias beyond the calibration set.
FOCAL thus accounts for viewing conditions within the geometric reward itself, without introducing
auxiliary rewards.

3.4 GEOFIX: REWARD-BASED VIDEO ALIGNMENT

We refer to the resulting framework as GeoFix, a unified reward alignment scheme that uses FO-
CAL to fine-tune the VDM and to select or guide samples at inference time. For a video latent z,
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The handheld camera follows the subject closely, simulating human 
perspective: `Yellow school bus stopping in front of a red building`.

Pan the camera horizontally to uncover the subject and background in a 
fluid movement: `A red fox sneaks past a green statue in the garden`.
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Figure 4: Qualitative comparison of 4DGS-rendered Text-to-Video generation.

we write RFOCAL(z) for the reward of Eq. 9 computed from the geometry Ψϕ,ψ(z) predicted by
the stitched reconstructor. RFOCAL(z) operates in the latent space, requires no VAE decoding and
is differentiable in z. GeoFix is therefore agnostic to the choice of alignment method, including
methods that require reward gradients. To demonstrate this, we instantiate GeoFix with representa-
tive methods: reward fine-tuning (DiffusionNFT (Zheng et al., 2025)), zeroth-order sample selection
(Best-of-N (Beirami et al., 2025)), and gradient guidance (DPS (Chung et al., 2023)). Ψ and γ stay
fixed and no auxiliary reward is used in any setting.

Training-time Alignment with DiffusionNFT. We fine-tune the VDM using DiffusionNFT. We
generate latents, score them with RFOCAL(z), and use these scores as feedback for its forward-
process flow-matching objective.

Inference-time Alignment. We keep the video model fixed and use the reward in two ways.

1) Best-of-N . We generate N complete video samples for each prompt, score their latents with
RFOCAL(z), and return the sample with the highest reward.

2) DPS-style Guidance. We use the reward gradient to guide sampling following the gradient-
based approach of DPS. At each guided step, we evaluate the reward on the clean latent prediction
ẑ0|t from zt and adjust the next latent in a direction that locally increases the reward:

zt−1 = z̃t−1 + ηt∇ztRFOCAL

(
ẑ0|t
)
, (10)

where z̃t−1 is the next latent from the unguided sampling and ηt ≥ 0 controls the guidance strength.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

For training-time alignment, we use Wan2.2-TI2V-5B (Wan et al., 2025) and jointly optimize a
supervised loss on MultiCamVideo (Bai et al., 2025) and UltraVideo (Xue et al., 2025), and a Dif-
fusionNFT (Zheng et al., 2025) loss using 64 rollouts per step generated from VideoUFO (Wang &
Yang, 2025) prompts and scored by RFOCAL. For inference-time alignment, we use Wan2.2-Fun-
5B-Control-Camera. Since both models share the same VAE, we use a fixed stitched reconstructor
fine-tuned from NeoVerse (Yang et al., 2026). Implementation details are provided in Appendix A.
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Table 1: Quantitative comparison of training-time reward alignment methods.
RFOCAL WorldScore

Scene Consistency Dynamics Visual Quality Text Alignment

Method Avg 3D Cons. Photo. Cons. Motion Acc. Motion Mag. Motion Smooth. Style Cons. Sub. Qual. Content Align.

Base 29.99 44.39 33.55 50.30 45.17 18.08 84.70 6.80 89.36
SFT 31.02 50.11 38.47 52.76 48.93 19.90 89.00 9.80 87.17
VIST3A 31.06 58.32 47.00 52.84 41.94 25.62 96.63 15.16 95.47
World-R1 30.49 42.26 31.64 51.35 45.90 19.72 88.07 9.57 91.03
Ours 33.01 61.60 51.06 55.94 35.44 26.08 93.30 15.94 91.40

Table 2: Quantitative comparison of training-time reward alignment against VGGRPO. Parentheses
show relative improvements over the base model.

VBench
Method Subject Consistency Background Consistency Aesthetic Quality Imaging Quality Motion Smoothness

Base 0.9542 0.9528 0.5966 0.6733 0.9841
VGGRPO 0.9644 (+1.07%) 0.9583 (+0.58%) 0.5991 (+0.42%) 0.6861 (+1.90%) 0.9895 (+0.55%)
Base 0.8741 0.9389 0.4679 0.5523 0.9589
Ours 0.9317 (+6.59%) 0.9601 (+2.25%) 0.5272 (+12.67%) 0.5979 (+8.25%) 0.9802 (+2.22%)

4.2 VDM TRAINING-TIME ALIGNMENT

Baselines, Evaluation Setting. We compare our method against all baselines on Wan2.2-TI2V-
5B: base model, supervised fine-tuning (SFT), VIST3A (Go et al., 2026) and World-R1 (Wang
et al., 2026). All fine-tuned models use the same SFT dataset and training budget, and leverage
the same stitched reconstructor. We generate a 4DGS scene for 200 T2V-CompBench (Sun et al.,
2025) prompts and evaluate on the rendered videos. We report on FOCAL for geometric consis-
tency and WorldScore (Duan et al., 2025) for world generation quality. We also compare against
VGGRPO (An et al., 2026), which leverages a direct geometric reward. Since VGGRPO has re-
leased neither code nor checkpoints, we compare with the results reported in its paper. Following
its protocol, we score the VDM decoded outputs for the standard VBench prompts. We report the
relative improvement each method achieves over its own base model’s results.

Results. GeoFix achieves the strongest geometric consistency among all baselines while also im-
proving general video quality, without an auxiliary reward. As shown in Table 1, it obtains the
highest 3D consistency and photometric consistency on WorldScore. SFT alone yields only mod-
erate gains, indicating that most of the improvement comes from the reward rather than from the
supervised data. GeoFix also attains the best motion accuracy and motion smoothness, and remains
superior or competitive on visual quality and text alignment. This supports our claim that correcting
geometric inconsistencies, which are themselves visual defects, also improves video quality. Fur-
thermore, our method improves every VBench dimension by a larger relative margin than VGGRPO
(Table 2), with the largest gaps in visual quality. Note that none of these video quality metrics is
used as a reward during training.

Qualitatively, our method produces the cleanest 4D scene renderings, with fewer artifacts and sub-
stantially reduced background drift and flickering compared with the baselines. Figure 4 compares
the videos rendered from the generated 4DGS scenes. Evaluating these renderings exposes geomet-
ric inconsistencies that can manifest as reconstruction and rendering artifacts. For the baselines, the
reconstructor receives geometrically inconsistent videos, resulting in scenes with rendering artifacts.

4.3 INFERENCE-TIME ALIGNMENT

Baselines, Evaluation Setting. We plug our reward into two inference-time steering methods. We
use 50 NFEs, N=20 for Best-of-N and guiding step 3 to 17 for DPS. We pair each of the 355
VBench-I2V (Huang et al., 2024) images with one of ten target camera trajectories. We measure
camera accuracy between the camera trajectory recovered by the reconstructor and the target trajec-
tory. We evaluate WorldScore for world generation quality on the rendered videos.

Results. Our proposed reward improves both camera accuracy and 4D scene quality for both first
and zeroth order inference-time steering methods (Table 3). This indicates that our reward even
provides a useful gradient signal through the stitched model. As in training-time alignment results,
GeoFix not only improves consistency metrics but also visual quality and text alignment metrics.
These improvements are accompanied by only a marginal reduction in motion accuracy and motion
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Table 3: Quantitative comparison of inference-time reward alignment.
Camera Accuracy WorldScore

Scene Consistency Dynamics Visual Quality Text Alignment

Method Rot. Err. ↓ Trans. Err. ↓ ATE Norm. ↓ 3D Cons. Photo. Cons. Motion Acc. Motion Mag. Motion Smooth. Style Cons. Sub. Qual. Content Align.

None 2.040 34.97 0.2563 75.43 76.06 44.81 31.93 23.65 95.47 20.87 94.10
Best-of-N 1.751 34.57 0.2507 78.00 78.33 44.59 31.15 24.61 96.08 21.86 94.66
None 2.040 34.97 0.2563 75.43 76.06 44.81 31.93 23.65 95.47 20.87 94.10
DPS 1.977 34.63 0.2562 76.49 76.59 44.42 31.83 23.84 95.56 21.15 94.55

4DNeX MoGe4D OursInput Image 4DNeX MoGe4D OursInput Image

A person riding an atv on a dirt track.

An elephant walking through a forest.

A young boy is jumping in the mud.

A bald eagle flying over a tree filled forest.

Figure 5: Qualitative comparison on Image-to-4D generation. We overlay 3D representations from
multiple timesteps in a single view to visualize dynamic motion over time.

magnitude, whereas every camera accuracy and every other WorldScore aspect improve at the same
time.

4.4 4D SCENE GENERATION

Baselines, Evaluation Setting. We compare image-to-4D generation with MoGe4D (Zhang et al.,
2026) and 4DNeX (Chen et al., 2025) on 100 images from VBench-I2V (Huang et al., 2024). We
render every generated 4D scene along an identical novel-view camera trajectory from ReCamMas-
ter (Bai et al., 2025). Following the baseline protocol, we fill disoccluded regions using MoGe4D’s
4D-ViSM identically across all methods. We then score the resulting novel-view videos with six
complementary metrics. From VBench, we use subject consistency and temporal flickering for con-
sistency and temporal stability of the rendered scene, dynamic degree for the amount of motion,
aesthetic quality for visual quality. We use CLIP score (Radford et al., 2021) for text alignment, and
physical commonsense from VideoPhy-2 (Bansal et al., 2025) for physical plausibility.

Consistency
0.94

Physics
4.3

Text 
Alignment

26.4

Visual Quality
0.55

Dynamics
0.55

Flickering
0.96

4DNeX MoGe4D Ours

Figure 6: Quantitative com-
parison on 4D Scene Gener-
ation. Higher is better; axes
use different scales.

Results. GeoFix performs best overall and achieves the highest
consistency scores (Figure 6), indicating stable geometry under
novel camera trajectories. 4DNeX attains the highest dynamic de-
gree, but this largely arises from frame-to-frame structural incon-
sistency rather than valid object motion (Figure 5), consistent with
its poor consistency scores. MoGe4D exhibits the lowest dynamic
degree, indicating insufficient motion for 4D synthesis. Ours better
preserves scene structure while maintaining meaningful dynamics.

Figure 5 shows that GeoFix produces coherent 4D scenes over time.
We overlay the 3D representation of multiple timesteps, so a ge-
ometrically consistent scene appears as a sharp static background
with the moving object tracing its trajectory through it. MoGe4D
generates almost no motion. In 4DNeX, background drift produces
duplicated and smeared structure, while discontinuous object mo-
tion contributes to its high dynamic degree. Our overlays keep the background aligned across all
timesteps while the dynamic content moves through it.

4.5 ABLATION STUDIES

Reward corruption test. FOCAL decreases monotonically as geometric corruption increases,
so it can serve as a reliable signal for geometric consistency. Following SGC (Dou et al.,
2026), we reconstruct real and generated videos, perturb the reconstruction, and evaluate our
reward on it. We use four perturbations of the kind a valid camera motion cannot explain.
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Figure 7: Analysis of reward sensitivity
to geometric corruption.

Warp shifts the depth by a sinusoidal displacement field,
deforming the scene non-rigidly. Squeeze stretches the
depth map vertically while leaving the intrinsics un-
changed. Depth-layer warp shifts the depth horizontally,
which inverts parallax. Pose drift rotates the camera
poses while leaving the depth untouched. The static-
region mask is transformed together with the depth, so
that changes in mask quality do not affect the measure-
ment. As shown in Figure 7, the reward decreases as all
four corruptions increase, confirming that our proposed
reward measures geometric inconsistency rather than im-
age fidelity. Lines show mean rewards, shaded regions
indicate 95% bootstrap confidence intervals of the mean.
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An orange is thrown upward into the air in the kitchen.

Figure 8: VBench reward comparison.

Geometric reward vs. video-quality reward. VBench
rewards capture general video quality but are not de-
signed to assess geometric consistency, and directly opti-
mizing them can lead to degenerate solutions. Following
DDRL (Ye et al., 2025), we train the VDM with direct
reward fine-tuning on five VBench (Huang et al., 2023)
rewards. The VBench-trained model produces saturated
videos (Figure 8), and training longer adds blur and grid
artifacts. The failure follows from what these rewards
measure. Several VBench metrics reward high DINO or
CLIP feature similarity between frames, collapsing inter-
frame variation at the cost of blur and grid artifacts. Our geometric reward, in contrast, improves
consistency and even video quality, which supports our claim that correcting geometric defects is an
effective route to better video quality. Additional details are in Appendix D.3.

Effect of FOV calibration. FOV calibration makes our reward invariant to camera motion,
whereas other direct and indirect rewards correlate with it. Existing measures of geometric con-
sistency are easier to satisfy when camera moves less, so these scores can be increased without
improving geometry at all. As in Figure 3, direct rewards such as cross-view depth reprojection and
input-view RGB reprojection (Go et al., 2026; Du et al., 2026), as well as indirect rewards such as
PickScore, all vary systematically with camera motion.

Table 4: Effect of FOV cali-
bration.

γ VBench Avg. Dynamic

0 0.6802 0.395
0.7 (Ours) 0.6861 0.425

1 0.6823 0.425

FOV calibration prevents reward optimization from suppressing
camera movement during training. Removing the calibration (γ=0)
loses dynamic motion, since the model reduces camera motion to
collect the easier reward (Table 4). Our setting even matches the
dynamic degree of a larger γ (γ=1). Our calibrated setting achieves
the highest video quality represented by VBench, indicating the best
balance between geometric consistency and dynamic motion.

5 CONCLUSION

In this paper, we presented FOCAL, a geometric consistency reward for video diffusion models, and
GeoFix, which applies FOCAL to reward alignment methods to improve geometric consistency and
visual quality. Our reward evaluates cross-view depth consistency in static scene regions, targeting
structural inconsistencies while preserving valid object motion. The core of our method is calibrat-
ing depth agreement against the expected value at a given camera overlap, reducing the extent to
which greater overlap alone is rewarded as an improvement in geometric consistency. FOCAL is
computed directly from video latents through a stitched 4D reconstructor, without VAE decoding.
Experiments across training and inference-time reward alignment demonstrate improvements in ge-
ometric consistency, video quality and camera accuracy. We further show that GeoFix produces
coherent 4D scenes compared to baselines. Overall, GeoFix advances video diffusion models as
priors for visually rich and geometrically coherent dynamic scene generation.
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A IMPLEMENTATION DETAILS

A.1 EXPERIMENTAL SETUP

A.1.1 TASKS AND DATASETS

All three tasks produce a 4D Gaussian Splatting (4DGS) scene from a video diffusion model (VDM).
In each case, a NeoVerse (Yang et al., 2026) 4D reconstructor, stitched to the VDM latent space,
decodes the VDM latents into a 4DGS scene.

Text-to-4DGS (T2V-CompBench). We use 200 T2V-CompBench (Sun et al., 2025) prompts and
generate one video per prompt. At generation time, each prompt is wrapped in a camera-motion
sentence chosen at random from a fixed template set. This gives the 4D reconstructor parallax to
recover geometry from. The augmentation is applied identically to every method.

Image-to-4D generation (VBench-I2V). We use the 100 image–caption pairs of the VBench-I2V
benchmark (Huang et al., 2024). The input image is used as the first frame, and we apply camera
prompt augmentation. For evaluation, we render every generated 4D scene along the same ReCam-
Master novel-view camera trajectory.

Camera-controlled image-to-4D generation. We use the 355 image–caption pairs of the VBench-
I2V benchmark (Huang et al., 2024) and assign each image one of ten target camera trajectories
(Table 5). The pan trajectories translate the camera at a constant rate in the image plane. The zoom
trajectories translate it along the optical axis at twice the pan rate. Every method uses the same
image–trajectory assignment.

Table 5: Ten target camera trajectories used for camera-controlled image-to-4DGS evaluation on
355 VBench-I2V images.

Trajectory Trajectory

Pan Left Pan Left-Up
Pan Right Pan Left-Down
Pan Up Pan Right-Up
Pan Down Pan Right-Down
Zoom In Zoom Out

A.1.2 BASELINES

Training-time alignment. We compare against the base Wan2.2-TI2V-5B (Wan et al., 2025) with-
out fine-tuning and three fine-tuned baselines: supervised fine-tuning (SFT) only, VIST3A (Go
et al., 2026) with SFT, and World-R1 (Wang et al., 2026) with SFT. For a controlled comparison,
all fine-tuned models, including ours, use the same SFT dataset, and the same training GPU hours,
and are decoded by the same frozen stitched 4D reconstructor. We use the same frozen stitched 4D
reconstructor for reward computation in VIST3A and World-R1.

Image-to-4D generation. We use the publicly released checkpoints of MoGe4D (Zhang et al.,
2026) and 4DNeX (Chen et al., 2025). Both baselines generate their respective 4D point-cloud
representations at 512×512 resolution. Since their output representations differ from our 4DGS
representation, we render all methods under a common target camera trajectory for evaluation. We
derive the target camera trajectory from ReCamMaster. The predicted camera poses are first con-
verted to the OpenCV camera convention and expressed as relative poses with respect to the first
frame. The same relative camera motion is then applied consistently to all frames and methods.
To account for the scale ambiguity of monocular 4D reconstruction, we normalize the translational
magnitude of the camera trajectory such that it corresponds to 0.25 times the median scene depth.
When projecting the 4D point clouds to the target views, multiple points may map to the same image
pixel; in such cases, we use a standard depth test and retain the point closest to the camera.

The rendering procedure is adapted to the representation produced by each baseline. 4DNeX pre-
dicts a separate point map for each frame together with a corresponding input-view camera. For each
frame, we transform its point map from the original input-view camera to the target ReCamMaster

14



Preprint.

camera and rasterize the warped points in the target view. In contrast, MoGe4D represents the dy-
namic scene as a set of points initialized from the pixels of the first frame and tracked throughout
the entire 41 frame sequence, rather than predicting an independent point map for every frame. As
MoGe4D directly generates the dynamic point-cloud representation without an explicit per-frame in-
put camera, we render the tracked 3D point positions at each frame directly from the corresponding
target camera pose.

Test-time steering. Test-time steering uses no trained checkpoint. We apply every steering method
to the base camera-control model Wan2.2-Fun-5B-Control-Camera and compare unguided sampling
(None), Best-of-N (BoN) and DPS (Chung et al., 2023).

A.1.3 TRAINING

We fine-tune Wan2.2-TI2V-5B with LoRA (Hu et al., 2021) (rank 4, α=8) on the query, key, value,
and output projections of both the self- and cross-attention layers. The stitched 4D reconstructor is
kept frozen. Each optimizer step combines a supervised loss with an online reinforcement-learning
loss based on DiffusionNFT (Zheng et al., 2025).

Supervised term. We use the MultiCamVideo (Bai et al., 2025) (120,460 multi-camera videos)
and the short-clip split of UltraVideo (Xue et al., 2025) (42,184 clips). Each video is 13 frames at
480×832. With probability 0.5, the first frame is used as an image condition, so the model is trained
for both text-to-video and image-to-video generation.

Reinforcement-learning term. Each step draws 8 prompts from the VideoUFO (Wang & Yang,
2025) training prompts and samples a group of 8 rollouts per prompt (64 rollouts per step). Each
rollout has 13 frames and is sampled with 10 denoising steps and no classifier-free guidance. Each
rollout is scored by our reward with γ=0.7. The KL coefficient is βKL=5×10−3.

Optimization. We use AdamW (Loshchilov & Hutter, 2019) with a learning rate of 1×10−4,
(β1, β2)=(0.9, 0.999), a weight decay of 1×10−4, gradient clipping at 1.0, and bf16 mixed pre-
cision, and we train for 1,000 steps.

A.1.4 INFERENCE

Unless stated otherwise, all videos are generated at a resolution of 480×832 with 41 frames, 50 sam-
pling steps, a classifier-free guidance scale of 5.0, and a fixed random seed shared across methods.
For image-to-4DGS generation, the input image is fixed to the first latent frame at every denoising
step. The resulting VDM latents are decoded into a 4DGS representation by the stitched reconstruc-
tor at a resolution of 518×294.

A.1.5 TEST-TIME STEERING

All steering methods share one fully stochastic flow-DDIM sampler (50 steps, 41 frames). The
initial latent of each sample is derived deterministically from the run seed and the sample index. As
a result, every method starts from the same noise and draws the same transition noise. All methods
maximize the proposed reward FOCAL, with γ=0.7. We use the following settings:

• BoN: sample N=20 full trajectories and keep the highest-reward one.

• DPS (Chung et al., 2023): at each guided step, we back-propagate the reward through
the transformer’s clean-latent prediction ẑ0|t, the stitched 4D reconstructor, and the depth-
reprojection and FOV-overlap terms, and update the latent. We guide denoising steps 3–17
of 50 (15 guided steps). The static-region mask and the normalizer Dmax are treated as
constants. Since the hard FOV overlap Ω has zero gradient almost everywhere, we keep
the exact Ω in the forward pass so that the reward value is unchanged, while gradients flow
through a soft relaxation Ω̃ into the predicted camera poses and intrinsics (see below).

Differentiable FOV overlap for first-order reward alignment methods. For a sphere sample
s (Eq. 14) expressed in camera f ’s coordinates, with horizontal angle yawf (s) and vertical angle
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pitchf (s), we replace the hard membership s ∈ Af with

af (s) = σ

(
θhf /2− |yawf (s)|

τ

)
σ

(
θvf/2− |pitchf (s)|

τ

)
, (11)

where θhf , θ
v
f are the FOVs of Eq. 13, σ is the sigmoid and τ = 0.5◦. The intersection and union in

Eq. 15 become

Ω̃ =

∑
s w(s) a1(s) aF (s)∑

s w(s)
(
a1(s) + aF (s)− a1(s) aF (s)

) , (12)

where the sums run over all sphere samples and w(s) = cos e is the area weight of Eq. 15, with e
the elevation of s (Appendix D.2). We use a straight-through estimator: the forward pass keeps the
exact Ω, so the reward value is identical, while gradients flow through Ω̃ into the predicted camera
poses and intrinsics. The sphere radius r is computed from detached depths.

A.1.6 STITCHED MODEL TRAINING

The stitched model feeds the latents of a frozen Wan 2.2 (Wan et al., 2025) video VAE encoder into
NeoVerse (Yang et al., 2026). We initialize the stitching layer following VIST3A (Go et al., 2026),
which gives the lowest regression error among the candidate encoder blocks. We train the stitched
model by output distillation from the frozen NeoVerse. The student matches all of the teacher’s
outputs with ℓ1 losses: point maps, camera poses and intrinsics, depth, Gaussian parameters, and,
for dynamic scenes, velocities. We train the stitching layer and the prediction heads fully, and adapt
the NeoVerse backbone with LoRA (rank 64).

We first train on static scenes from DL3DV (Ling et al., 2024). We then fine-tune on dynamic videos
from UltraVideo (Xue et al., 2025). The number of input frames per iteration is randomly sampled
from lengths of the form 4n+1. We use AdamW with a learning rate of 10−4.

A.2 EVALUATION DETAILS

A.2.1 EVALUATED VIDEO

Except for the VGGRPO comparison (Section A.2.2), we score rendered videos rather than raw
VDM decoded outputs. For text-to-4DGS and test-time steering, the generated 4DGS scene is ren-
dered using the input-view cameras predicted by the 4D reconstructor. For image-to-4D generation,
we render every generated 4D scene along the same novel-view camera trajectory. Following the
baseline protocol, we fill disoccluded regions with MoGe4D’s 4D-ViSM, applied identically to every
method. Scoring the rendered videos exposes geometry that is inconsistent across frames.

A.2.2 COMPARISON PROTOCOL WITH VGGRPO

VGGRPO (An et al., 2026) has released neither code nor checkpoints, so we compare with the
numbers reported in its paper, matching its prompt and generation protocol on the VAE-decoded
videos. Both methods build on Wan2.2 as the base model, and we apply the same setting identically
to the base model and to ours. Because VGGRPO was evaluated with a different random seed, we
compare the relative improvement of each method over its own base model rather than the absolute
scores.

A.2.3 METRICS PER TASK

• Text-to-4DGS: FOCAL and WorldScore.

• Image-to-4D generation: VBench subject consistency, temporal flickering, dynamic de-
gree, and aesthetic quality; CLIP score for text alignment; and VideoPhy-2 physical com-
monsense (PC) for physical plausibility.

• Test-time steering: camera accuracy and WorldScore.
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A.2.4 METRIC DEFINITIONS

We compute metrics with the official implementations012:

1. VBench (Huang et al., 2023): We use VBench in custom-input mode and report eight di-
mensions: subject consistency (DINO (Caron et al., 2021) feature similarity across frames),
background consistency (CLIP feature similarity across frames), aesthetic quality (LAION
aesthetic predictor), imaging quality (MUSIQ), overall consistency (ViCLIP text–video
similarity), temporal flickering, motion smoothness (AMT-based frame interpolation prior),
and dynamic degree (RAFT optical flow). We report the official Quality Score, the normal-
ized weighted average of the seven quality dimensions. In the text-to-4DGS setting of
Table 1, GeoFix improves the Quality Score from 0.7272 (Base) to 0.7588 (+4.3%). We
report the unweighted mean of all eight dimensions (VBench Avg.) in Table 4. Table 2 re-
ports individual dimensions following the VGGRPO protocol, and Section 4.4 uses subject
consistency, temporal flickering, dynamic degree, and aesthetic quality.

2. WorldScore (Duan et al., 2025): We report eight aspects: content alignment (CLIP score),
3D consistency (DROID-SLAM reprojection error), photometric consistency (SEA-RAFT
optical-flow AEPE), style consistency (Gram-matrix distance of VGG-19 features), sub-
jective quality (CLIP-IQA+ and CLIP aesthetic score), motion accuracy, motion magni-
tude (optical-flow magnitude), and motion smoothness (VFIMamba frame-interpolation
error measured with LPIPS and SSIM). Motion accuracy measures whether motion is con-
fined to dynamic regions. Upstream WorldScore obtains the dynamic region with a text-
grounded detector. Our prompts do not name a single dynamic object, so we instead use
SegAnyMo (Huang et al., 2025) to segment moving content in each rendered video and
score flow inside and outside the resulting mask. We omit camera control and object con-
trol, which require per-instance camera and object annotations that our benchmarks do not
provide.

3. VideoPhy-2 (Bansal et al., 2025): We use VideoPhy-2-AutoEval (videophy 2 auto),
an mPLUG-Owl-Video model with a LLaMA-7B backbone, further fine-tuned from
VideoCon-Physics on VideoPhy-2 human annotations. We evaluate 32 sampled frames
with the official physical-commonsense template (Figure 9) using greedy decoding. We
report the mean physical commonsense (PC) score on a 1–5 scale.

4. CLIP score (Radford et al., 2021): The cosine similarity between CLIP ViT-L/14 image
and text embeddings, scaled by CLIP’s logit scale, computed on every frame and averaged
over frames.

5. Camera accuracy: We compare the per-frame cameras predicted by the 4D reconstructor
with the target trajectory. Predicted poses are defined only up to a similarity transform,
so we express both trajectories relative to their first frame and report three errors: rotation
error (the mean geodesic distance between the relative rotations, in degrees), translation-
direction error (the median angle between the relative translation vectors, in degrees), and
normalized ATE (the RMSE of the camera centers after a least-squares scale fit, divided by
the maximum extent of the target trajectory). We use the median for translation-direction
error because the first frames have almost no translation, which makes their direction ill-
conditioned.

B STITCHED MODEL RECONSTRUCTION RESULTS

Setup. We evaluate on a subset of MultiCamVideo (Bai et al., 2025) dataset, which provides 10
synchronized cameras per scene. Novel-time synthesis: given the 33 even-indexed frames of one
camera, the model renders the 32 held-out odd-indexed frames. Novel-view synthesis: given 21
frames from a context camera, the model renders the synchronized frames of a different, randomly
chosen target camera. We compare against 4DGT (Xu et al., 2025), MoVieS (Lin et al., 2026),
and NeoVerse (Yang et al., 2026). NeoVerse and our model do not take ground-truth cameras as

0https://github.com/Vchitect/VBench
1https://github.com/haoyi-duan/WorldScore
2https://github.com/Hritikbansal/videophy
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Prompt for VideoPhy-2 Evaluation

Physical commonsense (PC).
The following is a conversation between a curious human and an AI assistant. The assistant gives
helpful, detailed, and polite answers to the user’s questions.
Human: <|video|>
Human: Does this video adhere to the physical laws? Rate the video on a scale from 1 to 5, where 5
means full compliance and 1 means significant violations.
AI:

Figure 9: Official VideoPhy-2 physical-commonsense (PC) query template used with
videophy 2 auto.

Table 6: Quantitative comparison on novel-time and novel-view reconstruction.
Method Novel Time Novel View

PSNR SSIM LPIPS ↓ PSNR SSIM LPIPS ↓
4DGT 17.72 0.5510 0.5032 16.35 0.5015 0.5167
MoVieS 19.12 0.5819 0.3785 16.83 0.4904 0.4271
NeoVerse 20.30 0.5793 0.2917 17.23 0.5117 0.3716
Ours 21.98 0.6451 0.2605 17.65 0.5187 0.3748

input, and they predict poses in their own coordinate frame. For both models we therefore follow
the evaluation-time pose alignment of NoPoSplat (Ye et al., 2024).

Results. As shown in Table 6, our stitched model outperforms baselines in most of the metrics
in both novel-time and novel-view synthesis evaluation. On novel-time synthesis, compared with
NeoVerse, our model improves PSNR by +1.68 dB, SSIM by +0.066, and LPIPS by −0.031. Since
both models share the same backbone, we attribute this gain to the spatio-temporally compressed
video VAE latents, which yield a more temporally coherent reconstruction. Novel-view synthesis
results show that operating on video latents does not degrade cross-view geometry.

C ADDITIONAL RESULTS

C.1 ADDITIONAL 4DGS QUALITATIVE RESULTS

Figure 10 shows additional Text-to-4DGS results.

C.2 ADDITIONAL TEXT-TO-VIDEO QUALITATIVE RESULTS

Figure 11 provides additional 4DGS-rendered Text-to-Video comparisons against baseline methods.

D ADDITIONAL ANALYSIS

D.1 OVERLAP BIAS IN DEPTH ERRORS

Figure 12 visualizes the overlap bias discussed in Section 3.2 on the MultiCamVideo (Bai et al.,
2025) dataset. For each clip, we compute the raw cross-view depth reprojection error (Eq. 4) with
the stitched reconstructor and the FOV overlap Ω (Eq. 6). Clips with large camera motion, and thus a
large change in viewing frustum between the first and last frames (low Ω), show substantially higher
depth errors. Clips with small camera motion (high Ω) show low errors. This gap arises from the
viewing configuration rather than geometric inconsistency: with small overlap, reprojected points
land near image boundaries, at grazing angles, or on newly revealed and occluded surfaces, where
depth prediction is inherently harder. A reward based on the raw score would therefore favor videos
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Plush teddy bear tumbling next to a leather couch. A cat slinking to the right side of a living room.

A tiger walking on a dirt path in the woods.

A teacher explaining in front of a chalkboard. A cyclist pedals from the right side 
to the left side on a street.

Wooden car speeding past a porcelain tree.

Figure 10: Additional qualitative results on Text-to-4DGS generation. We overlay 3D representa-
tions from multiple timesteps in a single view to visualize dynamic motion over time.

An artist in a paint-splattered apron demonstrates techniques to a boy in a 
t-shirt and jeans, both engaged in a creative workshop.

A golden retriever scampering leftwards across a garden.
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Figure 11: Additional qualitative comparison on Text-to-Video generation.

with little camera motion over videos that are more geometrically consistent, which motivates the
calibration in Section 3.3.
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FOV ↑, High 𝑅!"# FOV ↓, Low 𝑅!"#

Figure 12: Overlap bias in cross-view depth errors on reference videos. Reference videos with
a large FOV change (low overlap Ω) exhibit larger depth reprojection errors than those with a small
FOV change (high Ω), even when their reconstruction quality is comparable. Thus, the raw depth-
agreement score is influenced not only by geometric quality but also by camera motion.
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(a) small camera motion (b) moderate camera motion (c) large camera motion
1 only (first camera) F only (last camera) 1 ∩ F (overlap)

Figure 13: FOV overlap computation. Top: the first camera C1 and the last camera CF are
expressed in the first camera’s frame, and a reference sphere of radius r is centered at C1. Sphere
samples inside the FOV of C1 only, of CF only, and of both cameras are shown in blue, orange,
and purple, respectively. Bottom: the same samples on the azimuth–elevation grid for (a) small, (b)
moderate, and (c) large camera motion between the first and last frames, with the resulting overlap
Ω. The top row corresponds to (b). Insets show the camera poses from above.

D.2 FOV OVERLAP COMPUTATION

We describe how the FOV overlap Ω in Eq. 6 is computed from the stitched reconstructor’s camera
predictions. Figure 13 illustrates the procedure.

Camera FOV. For frame f with predicted intrinsics Kf and image resolution W ×H , the hori-
zontal and vertical FOVs are

θhf = 2arctan

(
W

2fx

)
, θvf = 2arctan

(
H

2fy

)
, (13)

where fx and fy are the focal lengths in Kf . We use only the first and last frames for efficiency,
f ∈ {1, F}, which span the full camera trajectory of the clip.

Reference sphere. We express both cameras in the coordinate frame of the first camera, T̃f =

T−1
1 Tf , so that C1 lies at the origin. We then place a reference sphere of radius r centered at C1

(Figure 13, top). We set r to the 75th percentile of the predicted depths of the clip, so that the sphere
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lies at a typical scene distance and camera translation is measured relative to the scene scale. We use
a percentile instead of the maximum or the mean because depth distributions are often heavy-tailed:
regions such as the sky or distant backgrounds receive very large, and often unreliable, depth values.
A radius driven by these regions would place the sphere far beyond the actual scene content, so that
even a large camera translation becomes negligible relative to r and Ω reflects almost only rotation.
We sample the sphere on a uniform azimuth–elevation grid with 360× 180 points,

sa,e = r
(
cos e cos a, cos e sin a, sin e

)
, a ∈ [−π, π], e ∈ [−π

2 ,
π
2 ]. (14)

Area-weighted IoU. A uniform grid in azimuth and elevation oversamples the sphere near the
poles, since the area of a grid cell is proportional to cos e. We therefore weight each point by
w(sa,e) = cos e and compute

Ω =

∑
s∈A1∩AF

w(s)∑
s∈A1∪AF

w(s)
, (15)

so that Ω approximates the ratio of the spherical areas of the intersection and union of the two
FOVs. Ω = 1 when the first and last cameras see the same region, and Ω = 0 when their FOVs do
not overlap on the sphere. As shown in Figure 13(a)–(c), Ω decreases as the last camera rotates and
translates further away from the first camera.

D.3 ANALYSIS OF VBENCH REWARDS

A toddler walking on the left of a dog in a park. A fluffy teddy bear tumbles down from the wall 
and gently lands on a cozy bed in a bedroom.
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Imaging Quality Background Consistency Motion Smoothness Subject Consistency Aesthetic Quality

(a)

(b)

Figure 14: Analysis of VBench rewards. (a) Additional qualitative results for the video-quality
reward ablation in Section 4.5, comparing training with VBench rewards against FOCAL. (b) Rep-
resentative artifacts from optimizing each of the five VBench rewards individually.

We provide additional analysis of the video-quality reward ablation in Section 4.5. Figure 14(a)
shows additional qualitative results from training with the five VBench (Huang et al., 2023) re-
wards used by DDRL (Ye et al., 2025). The VBench-trained model exhibits excessive saturation
and unnatural color casts, whereas our geometric reward produces more natural colors and cleaner
scene structure. To examine the contribution of each reward, Figure 14(b) shows results obtained
by optimizing each of the five metrics individually in the direct reward fine-tuning setting. The re-
sulting artifacts reveal distinct failure modes, which we interpret below in terms of what each metric
measures.

Imaging quality. Optimizing imaging quality produces strong color banding and repetitive, high-
contrast textures that obscure the scene. This reward averages the frame-wise predictions of
MUSIQ (Ke et al., 2021), an image-quality predictor trained to assess distortions such as blur,
noise, and exposure errors. The observed patterns suggest that direct optimization can exploit the
predictor’s learned responses to contrast and texture, amplifying artificial detail without improving
perceptual quality. A high predicted image-quality score does not impose explicit constraints on
scene geometry or temporal coherence, allowing such structured artifacts to emerge.
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Background consistency. Optimizing background consistency produces blurred content overlaid
with a regular grid. Despite its name, this metric compares global CLIP (Radford et al., 2021)
image features extracted from whole frames, without explicitly isolating the background. It aver-
ages the CLIP feature similarity of each frame to the first frame and to its immediately preceding
frame. Consequently, reducing frame-to-frame feature variation can be favored even at the expense
of image fidelity: blur can suppress changing details, while a persistent grid can provide a common
appearance across frames. This offers a shortcut to feature consistency without preserving a sharp,
geometrically consistent background under camera motion.

Motion smoothness. Optimizing motion smoothness leads to an almost black, nearly featureless
output. The metric interpolates intermediate frames from neighboring frames and rewards a small
pixel-wise difference between the interpolated and actual frames. Temporally uniform, low-contrast
content makes this prediction task easier: suppressing visible structures and their motion can re-
duce interpolation error without generating realistic dynamics. The observed collapse is consistent
with this incentive, since the reward itself does not require nontrivial motion or recognizable scene
content.

Subject consistency. Optimizing subject consistency replaces recognizable objects with repeti-
tive, smooth blue patterns. This metric measures DINO (Caron et al., 2021) feature similarity to
the first and preceding frames; it does not explicitly verify the presence or geometry of the intended
subject. Repeating similar structures across frames can therefore stabilize the descriptor even when
subject identity is lost. The resulting pattern illustrates how consistency in feature space can be
achieved by suppressing meaningful appearance variation, rather than maintaining a coherent object
as its pose or viewpoint changes.

Aesthetic quality. Optimizing aesthetic quality yields a collage-like image with repeated faces
and decorative fragments instead of a coherent scene. The reward averages a LAION (Schuhmann
et al., 2022) aesthetic predictor applied to CLIP image embeddings of individual frames. Such
optimization can amplify visual motifs associated with high predicted aesthetic scores while leaving
their spatial arrangement and temporal evolution unconstrained.

These examples illustrate the gap between evaluating generated videos with perceptual proxies and
directly optimizing those proxies. Temporal feature similarity can admit degenerate content, while
frame-wise quality predictors can favor artifacts outside their intended image distribution. Our re-
ward instead evaluates cross-view geometric agreement in static regions, providing an explicit con-
straint on scene structure. The comparison in Figure 14(a) supports the finding in Section 4.5 that
improving geometric consistency can also improve visual quality.

E LIMITATIONS

Our method inherits the bias of the pretrained VDM and the 4D reconstruction model. The depth and
camera predictions are distilled from a pretrained 4D reconstructor, so failure cases of the teacher
can produce inaccurate reward signals. Errors in the dynamic segmentation stage can penalize valid
motion or leave inconsistent regions unconstrained. We expect that 4D reconstructors and dynamic
tracking will further improve. Finally, computing the reward requires running the stitched recon-
structor and the motion segmentation network, and gradient-based guidance additionally requires
backpropagation through the reconstructor, which increases training and inference cost.
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