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Fig. 1: World-consistent Video Generations with VGGRPO. We compare the
baseline video diffusion model (left, orange) with the VGGRPO-aligned model (right,
green). Each example depicts a challenging dynamic scene; we visualize representa-
tive keyframes from the generated video and reconstructed scene geometry from the
inferred 4D scene representation. VGGRPO produces markedly more coherent scene
structure and smoother camera motion over time, reducing geometric drift and struc-
tural artifacts in challenging dynamic settings. See our [Project Page| for more details.
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Abstract. Large-scale video diffusion models achieve impressive visual
quality, yet often fail to preserve geometric consistency. Prior approaches
improve consistency either by augmenting the generator with additional
modules or applying geometry-aware alignment. However, architectural
modifications can compromise the generalization of internet-scale pre-
trained models, while existing alignment methods are limited to static
scenes and rely on RGB-space rewards that require repeated VAE de-
coding, incurring substantial compute overhead and failing to general-
ize to highly dynamic real-world scenes. To preserve the pretrained ca-
pacity while improving geometric consistency, we propose VGGRPO
(Visual Geometry GRPO), a latent geometry-guided framework for
geometry-aware video post-training. VGGRPO introduces a Latent Ge-
ometry Model (LGM) that stitches video diffusion latents to geometry
foundation models, enabling direct decoding of scene geometry from the
latent space. By constructing LGM from a geometry model with 4D re-
construction capability, VGGRPO naturally extends to dynamic scenes,
overcoming the static-scene limitations of prior methods. Building on
this, we perform latent-space Group Relative Policy Optimization with
two complementary rewards: a camera motion smoothness reward that
penalizes jittery trajectories, and a geometry reprojection consistency
reward that enforces cross-view geometric coherence. Experiments on
both static and dynamic benchmarks show that VGGRPO improves
camera stability, geometry consistency, and overall quality while elim-
inating costly VAE decoding, making latent-space geometry-guided re-
inforcement an efficient and flexible approach to world-consistent video
generation. Our project page is here,

1 Introduction

Recent video diffusion models [1}/43}/511|69} /78] have achieved impressive visual
fidelity and broad generalization by training on large volumes of diverse, high-
quality data. However, they often lack 3D and motion consistency [6,/14L48} /66!
67.{71], exhibiting geometric drift, unstable camera trajectory, and inconsistent
scene structure. These issues are critical for downstream applications |2}/3}[13]
151125,[30%131},139,/54] such as embodied AI and physics-aware simulation, where
stable camera motion and coherent 3D geometry are required.

To mitigate these issues, existing efforts largely follow two paradigms. The
first paradigm injects geometric structure into the generator via additional con-
ditioning modules [8153]/73] or extra loss components [10}[70]. For example, point
cloud-conditioned diffusion models [8,/53] impose pixel-wise constraints from 3D
inputs to improve static-scene consistency, while other approaches [4,(9}21},(75]
augment video diffusion with auxiliary geometry prediction to improve scene
generation. While effective, these modifications often increase architectural and
computational complexity and can constrain the model, weakening the broad
generalization inherited from large-scale pretraining. The second paradigm per-
forms post-training alignment inspired by reinforcement learning. Recent ap-
proaches adapt Direct Preference Optimization [41,52] and compute rewards
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from sparse epipolar constraints [29] or dense correspondences [11}17] predicted
by external geometry models [63]. However, these methods rely on offline pref-
erence data collection, yielding off-policy optimization. Moreover, rewards are
typically evaluated in pixel space, requiring repeated VAE decoding, which sig-
nificantly increases compute and memory overhead; RGB-based rewards are also
sensitive to decoding noise and low-level pixel variations [16}45], further weak-
ening the optimization signals. Finally, these geometric reward formulations are
limited to static scenes, as their underlying assumptions |29] and correspondence
pipelines [11,(17] do not extend to complex dynamic videos.

In parallel, recent geometry foundation models [27,/63] have demonstrated
that feed-forward networks can recover dense geometry and camera motion from
static and dynamic image sequences, encoding strong geometric priors learned
at scale. This raises a key question: can we leverage these geometry priors while
avoiding the cost and instability of RGB-based reward evaluation?

We introduce VGGRPO (Visual Geometry GRPO), a latent geometry-
guided, group-based reinforcement learning framework for video post-training.
VGGRPO comprises two tightly coupled components. First, we construct a La-
tent Geometry Model (LGM) that connects video diffusion latents to a geometry
foundation model via a lightweight stitching layer, thereby preserving its geomet-
ric priors. By operating directly in the VAE latent space, LGM further enables
efficient scene-geometry extraction from latents without RGB decoding. Impor-
tantly, LGM is model-agnostic and can be instantiated with different geometry
foundation models [27}/63], enabling VGGRPO to benefit from ongoing progress
in this domain. When connected to models supporting dynamic 4D reconstruc-
tion |27], LGM allows VGGRPO to support dynamic videos, extending beyond
the static-scene assumptions of prior geometry-consistency methods [11,/29].

Second, building on LGM, VGGRPO performs latent-space Group Relative
Policy Optimization without repeated VAE decoding, substantially reducing the
cost of group-based updates. To optimize for temporally smooth camera mo-
tion and coherent 3D structure across viewpoints, we design two complementary
rewards: a camera motion smoothness reward that encourages stable camera
trajectories, and a geometry reprojection consistency reward that enforces cross-
view geometric coherence. Together, these rewards improve camera stability and
3D consistency, resulting in more realistic, world-consistent video generation, as
shown in Fig.

Extensive experiments show that VGGRPO yields consistent gains on both
static- and dynamic-scene benchmarks across camera motion smoothness, geo-
metric consistency, and overall video quality. Compared to RGB-based alignment
strategies, VGGRPO latent rewards efficiently incorporate geometry priors and
support dynamic scenes, providing a practical solution for world-consistent video
post-training. Our contributions are summarized as follows:

— We show that reliable geometry-driven rewards can be computed directly
in latent space, enabling efficient video post-training without repeated RGB
decoding.
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— We propose a Latent Geometry Model that stitches diffusion latents to
geometry foundation models via a lightweight connector, enabling extraction
of geometric predictions from latents without pixel-space inputs.

— We introduce VGGRPO, a latent-space, group-based reinforcement learn-
ing framework with complementary camera-motion and geometry rewards

that jointly improve camera smoothness and 3D consistency for world-consistent

video generation.

2 Related Work

Based on how existing methods improve geometric consistency, we divide the
literature review into geometrically consistent video generation and diffusion
model alignment methods.

2.1 Geometrically Consistent Video Generation

Large-scale diffusion models [18]22//331441|46/|491/56] trained with rectified flow [42]
have significantly advanced video generation, yet often exhibit geometric drift
that undermines scene realism. Geometrically and world-consistent video gen-
eration is crucial for downstream applications [5,/13}36] requiring stable camera
motion and coherent scene geometry. Existing approaches to improve geometric
consistency broadly fall into two paradigms. (i) Architecture-level geometry in-
tegration. Point cloud-conditioned diffusion methods [8}35}/53}/68.|73] introduces
explicit 3D conditioning to improve static scene consistency. Other approaches
augment diffusion models with auxiliary geometry prediction modules |20}/74].
World-consistent Video Diffusion |75] jointly models RGB and XYZ frames by
treating 3D coordinates as an additional modality. GeoVideo |4] incorporates
depth prediction with cross-frame consistency losses, while FantasyWorld [9]
trains additional decoders to decode scene geometry alongside RGB frames.
Although effective, these approaches increase architectural and computational
complexity and are limited to static scenes. Furthermore, such modifications can
restrict generative flexibility and weaken generalization. (i) Training-time regu-
larization. Another direction introduces extra supervision during training with-
out adding new modules. Geometry Forcing [70] aligns diffusion features with
a foundational geometry model [63], and ViCoDR [10| incorporates 3D corre-
spondence losses into video diffusion training. However, these methods typically
require full model fine-tuning or training from scratch, which can compromise
the broad generalization from large-scale pretraining. In contrast, VGGRPO
performs geometry-aware latent-space post-training with on-policy reward opti-
mization, both improving geometric consistency and preserving generalization.
Importantly, it naturally extends to dynamic scenes, which prior methods largely
do not address.

2.2 Diffusion Model Alignment

Large-scale diffusion models [42] are trained to match broad data distributions,
which may not align generations with task-specific objectives [47] (e.g., aesthetics
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or physical constraints). Post-training alignment tackles this gap. Early work on
image generation [50,55] fine-tuned diffusion models on data filtered by aesthetic
classifiers [57]. Later methods cast denoising as a sequential decision process:
DDPO |[7] and DPOK |[12| apply policy-gradient updates under distributional
constraints, while Diffusion-DPO [61] adapts Direct Preference Optimization
(DPO) [52] to diffusion models using pairwise preferences data. Flow-DPO [41]
further extends DPO to rectified-flow models. Some works target physical ac-
curacy: PISA [32] improves physical stability via multi-component rewards, and
PhysCorr [64] enhances physical realism through VLM-based rewards. More re-
cently, alignment has been explored for geometry-aware video generation [65].
Epipolar-DPO |29] incorporates epipolar constraints, and VideoGPA |[11] ex-
tends this direction with dense geometry rewards [63]; however, they assume
static-scene consistency, limiting applicability to dynamic videos. Moreover, these
approaches require computing rewards in pixel space and rely on offline prefer-
ence data collection, incurring repeated RGB decoding and limiting optimiza-
tion efficiency. In parallel, Group Relative Policy Optimization (GRPO) [5§]
offers an on-policy alternative by sampling from the current model during train-
ing, keeping reward signals on-policy without a fixed preference dataset. Flow-
GRPO [40] and DanceGRPO |[72| adapt this framework to flow-based genera-
tors |42|, but still require RGB decoding to evaluate rewards; designing effective
latent-space rewards remains challenging. Motivated by these limitations, we
propose VGGRPO, which performs GRPO-based geometry alignment directly
in latent space via a latent geometry model, removing the RGB decoding bot-
tleneck and enabling flexible geometry-aware alignment for dynamic scenes.

3 Methodology

We now detail the formulation of VGGRPO, which couples a latent geometry
model with group-based reinforcement optimization for geometry-aware video
post-training. As shown in Fig. [2 our method comprises two components: (1)
a Latent Geometry Model constructed via model stitching, which enables geom-
etry extraction directly from diffusion latents without RGB decoding; and (2)
VGGRPO training which performs latent-space GRPO using two complemen-
tary rewards: camera motion smoothness and geometry reprojection consistency.
These rewards jointly encourage stable camera trajectories and cross-view geo-
metric coherence. We first introduce preliminaries in Sec. then describe the
latent geometry model in Sec. 3.2 and VGGRPO training procedure in Sec. [3.3]

3.1 Preliminaries

Flow-Based Group Relative Policy Optimization formulates the denois-
ing process of rectified flow models [42] as a multi-step MDP [7] and applies
GRPO [34,/401/58}/72,|76] with an ODE-to-SDE conversion for stochastic explo-
ration. This framework operates on RGB video frames x = {I;} ;. Let P be a
set of text prompts and 7y a policy parametrized by a velocity field vg(x¢,t, p).
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Fig. 2: Method Overview. (a) Latent Geometry Model. We connect latents from
the diffusion VAE encoder to a geometry foundation model via a lightweight connector,
yielding a Latent Geometry Model that predicts 4D scene geometry directly from video
latents. (b) VGGRPO training. We perform latent-space GRPO using two comple-
mentary rewards, camera motion smoothness and geometry reprojection consistency,
computed entirely in latent space with the latent geometry model. Together, these
components align the video diffusion model toward 4D world-consistent generation on
both static and dynamic scenes.

The goal is to maximize the expected reward with KL regularization toward a
reference policy Tpef:

max Epp, xgnmy (1p) [1 (%0, P)] = Dcr. (| 7rer) (1)

To optimize this objective, GRPO draws K samples from the current policy for
each prompt, each consisting of a full denoising trajectory (x’%,x’%_l, . 7x’g)
where x¥ is the intermediate state at denoising step ¢. The per-step importance
ratio and clipping operator are defined as:

mo (i1 | X7, p)

k i clip.(p) = clip(p, 1—¢, 1+¢). (2)
014 (Xt—l | Xt )p)

pi(0) =

Each final clean sample xlg is scored by the reward function r, and the group-
relative advantage is computed as:

k _
Ak — (x5, p) NT’ (3)

oy
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with 1, and o, the mean and standard deviation of {r(x§,p)}%_,. The policy is

then updated by maximizing the clipped surrogate objective:
Z [min (pf (6) A%, clip. (pf (6)) A*) — 8 Dict.(mo || mver)|.
t=0

Jarpo(0) = Z
o (4)

A full description of the framework, including the ODE-to-SDE conversion,
closed-form importance ratio and KL divergence, as well as denoising reduc-
tion strategy, is provided in the Supplementary. In VGGRPO, we instantiate
this framework in latent space with geometry-aware rewards computed directly
from latents (Secs. and [3.3)).

Geometry Foundation Models are feed-forward transformers [63] that learn
strong geometric priors from large-scale 3D-annotated data With minimal explicit
3D inductive biases. Given a sequence of N RGB frames {I;}Y; observing the
same scene, a geometry model ® predicts per-frame geometrlc representations

{031, =2({L}Y,), 0;={C;D,P;}. (5)

The per-frame outputs O; typically include camera pose C; (e.g., rotation and
translation), a depth map D;, and a 3D point map P; expressed in a shared
reference frame. Although these quantities are geometrically related, jointly pre-
dicting them during training has been shown to yield substantial performance
gains. More recent models [24,/27,/59,/79] extend this formulation to dynamic 4D
reconstruction by additionally predicting dynamic point maps or scene flow F;
within Oj;, enabling separation of static and dynamic components in the scene.

’ﬂ \

3.2 Latent Geometry Model

Geometry foundation models [27}28,37,/63] provide strong priors for scene ge-
ometry, but they operate in pixel space. Using them for reward computation
therefore requires repeated VAE decoding of diffusion latents, resulting in sub-
stantial compute and memory overhead [45|. To eliminate this bottleneck, we
construct a Latent Geometry Model by stitching video diffusion latents to a pre-
trained geometry foundation model, enabling geometry prediction directly from
latents and allowing rewards to be computed in latent space.

Specifically, let £ denote the encoder of a video VAE [62]|, which maps a
video x = {I;}¥| to latents z = £(x). We denote by ® a pretrained geometry
model 27,63 composed of L transformer layers {T,} |,

@ZTLOTL_10'~'OT1, (6)

which maps RGB sequences x to geometric predictions {O;}Y | as defined in Eq.
For convenience, we define the subnetwork spanning layers ¢ to j as ®;,; =
TjoTj_10---0T;

To bypass the RGB input pathway, we replace the first / layers of ® with
a learned 3D convolutional connector Sy, parameterized by 1, that maps VAE
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latents directly into the intermediate feature space, giving the latent geometry
model:

Dy =Py 0 Sy (7)
The stitching layer ? and the parameters 1 are found jointly by minimizing the
feature alignment error over a calibration set of M videos x', ..., xM:
{,¢ = argmin Sy (E —Prp(x (8)
i 45| gl

We then fine-tune ¢ together with the downstream layers @, 41,0 b0 further

reduce residual discrepancies between <i>¢ and the original geometry model ®.
Given RGB inputs x, we minimize an alignment loss between their geometric
predictions:

ahgn Z)‘ H(I)ib] )) (I)j(x)”la (9)

where j indexes predicted geometry modalities (e.g., pose C, depth D, point map
P, and scene flow F), and \; are balancing weights. Afterwards, the resulting
latent geometry model Ci%/, produces geometric predictions directly from latent
representations:

{CivD%P%Fi}ﬁil = (i)w(z)v <1O>

where F; is present when (i%p is constructed from geometry models with dynamic
4D capability [27]. We use these predictions to define geometry-aware rewards
in Sec. without RGB decoding, substantially improving efficiency during
reinforcement optimization.

3.3 VGGRPO Training

With the latent geometry model éw, we perform latent-space GRPO for geometry-
aware video post-training, avoiding the compute and memory overhead of re-
peated VAE decoding in group-based updates. In practice, we observe that ge-
ometric inconsistency in generated videos is often driven by two factors: (i)
jittery or unstable camera motion that induces temporal distortions and struc-
tural artifacts, and (ii) inconsistent 3D structure across views, where the same
scene content is not geometrically aligned over time. Accordingly, our objective is
world-consistent video generation, which requires both temporally smooth cam-
era trajectories and cross-view coherent scene geometry. To this end, we define
two complementary rewards from the geometry predicted by 431[, in Eq. : a
camera motion smoothness reward and a geometry reprojection consistency re-
ward. Together, they promote stable camera motion and cross-view geometric
coherence, supporting world-consistent generation.

Camera Motion Smoothness Reward. To encourage stable and physically
plausible camera motion, we define a smoothness reward based on the camera
poses C; predicted from the denoised video latents zy by éw(zo). From C; we
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extract world-frame camera centers c¢; and compute discrete velocities v; =
ci+1 — ¢; and accelerations a; = v; — v;_1. Translational smoothness is then
measured by the scale-normalized acceleration:

€t ‘(Zo) = 1 jf Hai||2 . (11)
e T =2 = |vill2 + [vi-all2

Smooth, near-constant-velocity trajectories yield e¢rans(2zo) ~ 0, while jittery mo-
tion produces larger values. Rotational smoothness is measured identically, re-
placing translational quantities with angular velocities w; = loggos) (R/Riy1)
and angular accelerations a; = w; — w;_1:

o) = o 3 el (12)
T -2 = |wil2 + [lwi-1ll2

Similarly, e,;ot(zg) ~ 0 for steady rotations and grows with abrupt orientation
changes. The combined motion reward is:

Tmotion (Z0) = % ( ! + ! ) : (13)

1 + €trans (ZO) 1 + €rot (ZO)

Both error terms are mapped to [0,1] via e — 1/(1 + €), SO F'motion 1 close to 1
for smooth trajectories and decreases toward 0 as jitter increases.

Geometry Reprojection Consistency Reward. We quantify cross-view ge-
ometric coherence using the point maps P;, depths D;, camera parameters C;,
and scene flow F; predicted by é)w(zo), by reprojecting the predicted 3D struc-
ture into each view and comparing depths. We first construct a scene point
cloud from the world-frame point maps {Pi}i[\il. For static scenes, we aggregate
all points across frames. For dynamic scenes, we use the predicted scene flow
F,; to filter dynamic regions and aggregate only static points to obtain a sta-
ble scene representation. We project the resulting point cloud into view ¢ using
the predicted camera parameters C;, producing a rendered depth map D;. We
compare D, with the predicted depth D; over valid projected pixels:

i 1
eée)o(ZO) = |92 Z

PES2;

D;(p) — D;(p)|, (14)

where 2; is the set of valid projected pixels in view i. To focus on local failure
cases, we define the geometry reward as the negated average error over the 3
worst views:

o) = =3 S el (o). (15)

i€top-3

Alignment Policy Update. For each prompt, we sample K latent videos
{zlg}szl from the current policy and score each with both rewards. Since Tmotion
and 7., have different scales, we normalize each separately within the group
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and form the advantage as their average, where fimotion; Tmotion (LESP. Hgeo; Tgeo)
denote the mean and standard deviation of each reward across the K samples:

Ak; _ 1 (Tmotion(zlg) — Mmotion + rgeo(zo) /«Lgeo> ) (16)

2

Omotion Ogeo

Substituting A* into the GRPO objective (Eq. ) and computing importance

ratios p¥(6) over denoised latents z¥ (in place of RGB frames x¥), we maximize:

~

K

1 &1 . .

Lvaerro(9) = - Z [mm pi(0) A*, clip.(pf (9)) A*) -5 DKL(?TGll?Tref)]-
=1 t

Il
=}

(17)
We stress that all rewards are computed from ®(zo) without decoding RGB
frames, yielding an efficient geometry-aware post-training pipeline.

4 Experiments

We evaluate the aligned model across diverse scenarios, including static-scene,
dynamic-scene, and standard benchmarks, demonstrating its effectiveness and
generalization.

4.1 Experimental Setup

Implementation Details. We construct the latent geometry model by stitch-
ing to Any4D |27], a geometry foundation model that supports dynamic 4D
reconstruction. The latent geometry model is trained for 20 epochs on a mix-
ture of videos generated by the base diffusion model [62] and real videos from
DL3DV 38|, RealEstatel0K [77], and MiraData [26]. For VGGRPO training,
we fine-tune two text-to-video diffusion backbones at different scales, Wan2.1-
1B and Wan2.2-5B (62|, using LoRA [19] (rank r = 32, scaling factor o = 64),
with group size G = 64 and AdamW optimization (learning rate 1 x 10~%, weight
decay 1 x 10~%). Training prompts are sampled from DL3DV, RealEstate10K,
and MiraData, following prior geometry-alignment practice [29]. Additional de-
tails are provided in the supplementary material.

Baselines. We compare VGGRPO against representative baselines following
prior work [11[29]. For each baseline, we report the best-performing checkpoint
to ensure fair comparison. We evaluate Base Model, the pretrained generator
without post-training; Supervised Fine-Tuning (SFT), flow-matching fine-
tuning on real videos as a purely data-driven adaptation baseline; and two DPO
alignment methods: Epipolar-DPO [29|, which constructs preferences using
classical epipolar geometry errors, and VideoGPA [11]|, which derives prefer-
ences from reprojection-based consistency scores using VGGT [63].
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Static Dynamic Sub. Bg. Aes. Img. Mot. Dyn.
vQt MQT Epi.l VQT MQt Cons.T Cons.T Qual.T Qual.T Smooth.T Deg.T

Base Model: Wan2.1-1B

Method

Base - - 0.133 - - 0.7941 0.8930 0.5233 0.6178 0.9552 0.9231
SFT 45.26 46.84 0.137 40.00 39.00 0.8032 0.8896 0.5472 0.6256 0.9646 0.8795
Epipolar-DPO 54.21 55.79 0.098 4550 43.00 0.8125 0.8916 0.5578 0.6461 0.9671 0.8816
VideoGPA 53.68 56.32 0.105 42.50 41.00 0.8068 0.8931 0.5562 0.6507 0.9650 0.8734

VGGRPO (Ours) 59.47 66.84 0.102 57.00 63.00 0.8255 0.8974 0.5623 0.6585 0.9753 0.9048

Base Model: Wan2.2-5B

Base - - 0.142 - - 0.8151 0.8958 0.4837 0.6402 0.9467 0.8692
SFT 46.32  52.63 0.129 33.00 51.00 0.8323 0.8925 0.4886 0.6159 0.9548 0.9026
Epipolar-DPO 52.11 58.95 0.101 38.00 54.50 0.8407 0.9054 0.4945 0.6275 0.9482 0.7603
VideoGPA 54.74 60.53 0.098 40.00 54.00 0.8511 0.9048 0.4920 0.6131 0.9518 0.7645

VGGRPO (Ours) 62.63 68.42 0.093 56.50 66.00 0.8672 0.9056 0.5094 0.6843 0.9619 0.8421

Table 1: Quantitative Comparison. The best and runner-up results are shown
in bold and underlined, respectively. In both static- and dynamic-scene benchmarks,
our method consistently improves geometric consistency and overall video quality over
baselines across different base models, demonstrating the effectiveness of latent-space
geometry-aware post-training.

4.2 Main Results

Quantitative Evaluation. To evaluate post-training across diverse scenarios,
we construct two held-out benchmarks: 190 static-scene captions from DL3DV [38]
and RealEstatel0K [77], and 200 dynamic-scene captions from MiraData [26].
The dynamic split is curated to include challenging cases with significant non-
rigid motion, making geometric drift and camera instability more pronounced.
We evaluate from two perspectives: general video quality and geometry-related
quality. For general video quality, we follow VBench [23| and report subject con-
sistency, background consistency, motion smoothness, aesthetic quality, imaging
quality, and dynamic degree. For geometry-related quality, following prior stud-
ies |11,/29], we report (i) VideoReward [41] win rates against the base model
for Visual Quality (VQ) and Motion Quality (MQ), which reflect human pref-
erence, and (ii) Sampson epipolar error on the static split only (where epipo-
lar assumptions hold), measuring point-to-epipolar-line distances as a classical
geometric-precision metric. We report geometry-related metrics separately on
the static and dynamic splits, and compute general video quality metrics over
all 390 captions.

As shown in Tab. [[, VGGRPO consistently outperforms all baselines on
geometry-related metrics. Across both static and dynamic splits, VGGRPO
achieves higher motion quality and stronger geometric consistency, demonstrat-
ing the effectiveness of latent-space geometry-aware post-training. While prior
geometry-aligned baselines [11,[29] can generalize to limited dynamic settings,
their performance degrades noticeably on our dynamic benchmark with com-
plex non-rigid motion, where maintaining coherent geometry is substantially
harder. In contrast, VGGRPO remains robust under significant scene dynam-
ics due to our 4D-aware latent geometry model and reward design. VGGRPO
also improves VBench metrics overall, indicating that our improved geometric
consistency does not come at the expense of perceptual quality.
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Fig. 3: Qualitative Comparison on Static and Dynamic Scenes. We show the
first, middle, and last frames of video generations for a static-scene prompt (left) and a
dynamic-scene prompt (right), with a representative segment of each prompt shown at
the top. All baselines exhibit inconsistent artifacts, including geometric drift, temporal
flicker, and unstable camera motion. In contrast, VGGRPO produces more coherent
scene structure with smoother camera trajectories across frames.

Qualitative Results. Fig. [3| presents qualitative comparisons on both static-
and dynamic-scene settings, visualized using the first, middle, and last frames
of each generated video. All baselines struggle to maintain world consistency,
exhibiting unstable camera motion, geometric drift, and temporally inconsistent
scene structure. In the static-scene example, the base model introduces spuri-
ous content (a second flower in the middle frame), while SFT shows signs of
overfitting to biases in the limited real data, yielding less faithful structure.
Epipolar-DPO and VideoGPA show noticeable temporal flicker in the early and
late frames, respectively, indicating geometric instability. On the dynamic ex-
ample, the gap widens: baselines degrade further in both visual quality and
geometry, producing less stable frames and inconsistent structure, reflecting re-
duced robustness under complex dynamic scenes. In contrast, VGGRPO yields
more coherent scene structure with smoother camera motion in both settings,
highlighting the effectiveness of our geometry-guided latent-space post-training.

4.3 Additional Studies

Unless otherwise stated, we use Wan2.2-58B as the base model and report
VideoReward win rates for Visual Quality and Motion Quality, averaged over
captions from both the static- and dynamic-scene splits, as well as the Sampson
epipolar error (Epi.) on the static split to quantify geometric alignment.
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Geo-FM VQ1 MQT Epi.l] Tmotion Tgeo VQT MQT Epi.| vVQt MQ+?t Epi.| Time]
VGGT 54.96 60.61 0.090 v 55.60 63.40 0.104 Baseline - - 0.142 44.35
Any4dD 59.57 67.21 0.093 v v’ 59.57 67.21 0.093 + guidance 52.63 52.37 0.136 62.60

(a) Impact of geometry FM. (b) Impact of reward terms. (c) Test-time reward guidance.

Model Sub. Cons.t Bg. Cons.tT Aes. Qual.t Img. Qual.t Mot. Smooth.t Dyn. Deg.t Reward Time| Mem/|

Baseline 0.9542 0.9528 0.5966 0.6733 0.9841 0.4237 RGB-based 54.73  76.80
Ours 0.9644 0.9583 0.5991 0.6861 0.9895 0.3962 Ours 41.33 68.57
(d) Generalization performance on standard VBench captions. (e) Efficiency study.

Table 2: Additional Studies. (a) Impact of geometry foundation models: VG-
GRPO generalizes across latent geometry models constructed from different geometry
foundation models. (b) Impact of reward components: Tmotion and rgeo provide
complementary gains, and their combination yields the best overall performance. (c)
Test-time reward guidance: Differentiable latent-space guidance through the la-
tent geometry model improves geometric consistency at test time with modest runtime
overhead and no training. (d) Generalization: Beyond improving world consistency,
VGGRPO transfers to standard VBench captions, indicating improved generation qual-
ity and demonstrating robustness in diverse scenarios. (e¢) Efficiency study: Latent-
space reward computation reduces both runtime and peak GPU memory compared to
RGB-based rewarding. VQ/MQ denote VideoReward win rates for Visual and Motion
Quality, Epi. denotes the Sampson epipolar error on static scenes. Time is measured
in seconds, and Mem denotes peak GPU memory (GB). Best results are in bold.

Impact of geometry foundation models. Tab.[2alevaluates the effect of using
different geometry foundation models [27,/63] to construct the latent geometry
model. When stitching to VGGT [63], VGGRPO training uses only static-scene
captions to respect VGGT’s static-scene assumptions. As shown in Tab.
the VGGT-based variant achieves slightly lower epipolar error on static scenes,
while the Any4D-based variant attains higher VQ and MQ by benefiting from
its dynamic-scene support. Both variants outperform prior post-training base-
lines [11,/29)], indicating that VGGRPO is effective across different geometry
foundation models.

Impact of reward components. As shown in Fig. [d optimizing only 7motion
substantially stabilizes the camera trajectory (red curve) compared to the shaky
baseline, while geometric artifacts remain, e.g., the inconsistent wall structure
highlighted in the green circle. Adding rge, effectively mitigates these repro-
jection inconsistencies while maintaining smooth camera motion, yielding more
coherent scene geometry and improved perceptual quality. The quantitative re-
sults in Tab. @mirror these observations: rytion @lone improves alignment, and
combining it with 7., achieves the best results, confirming both the necessity
and complementarity of the two rewards.

Test-time reward guidance. Our latent geometry model is differentiable, en-
abling gradient-based test-time guidance directly in latent space that steers the
model toward improved geometric consistency without RGB decoding. More
implementation details are provided in the Supplementary. Table [2c| shows that
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Fig.4: Reward Components Ablation. The reconstructed scene visualizes the es-
timated camera trajectory (red curve), with the first and last frames shown below
each reconstruction. Compared to the Baseline, optimizing the motion reward rmotion
stabilizes camera motion, but geometric artifacts persist (green circle). Adding the re-
projection consistency reward (Tmotion+7geo) further improves scene geometry while
preserving smooth camera motion, proving the complementarity of both components.

applying reward guidance once every 20 denoising steps (out of 50 total) con-
sistently improves geometric consistency with modest runtime overhead and no
training, providing a training-free way to enhance geometry for a fixed video
diffusion model. While the gains are smaller than those from full VGGRPO
post-training, these results highlight the utility of our latent geometry model
and reward formulation beyond training-time alignment.

Generalization. Beyond geometric consistency, we also verify that VGGRPO
preserves the quality of general-purpose video generation. As shown in Tab. 2d]
when evaluated on the standard VBench caption set , our model outperforms
the baseline across most metrics, while slightly lower on Dynamic Degree. We
attribute this to the definition of Dynamic Degree, which is computed based on
the magnitude of RAFT optical flow : by explicitly encouraging smoother
camera trajectories, our motion reward reduces camera jitter and thus lowers
the flow magnitude, even as perceptual motion quality improves. Importantly,
these gains are achieved without specific training targeting general video quality,
indicating that our geometry-aligned post-training preserves the model’s original
generalization. Overall, VGGRPO acts as a broadly applicable regularizer that
improves perceptual quality and remains robust across diverse scenarios.

Efficiency study. Tab. [2¢| reports the wall-clock time (seconds) and peak GPU
memory (GB) of the reward computation step (batch size 4) for RGB-based
rewarding and our latent-based rewarding. Compared to RGB-based, our latent
reward reduces peak memory from 76.80 GB to 68.57 GB and speeds up reward
computation from 54.73s to 41.33s (13.40s faster, 24.5% reduction), demon-
strating the efficiency of computing geometry rewards directly in latent space.
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5 Conclusion

We introduce VGGRPO, a geometry-aware post-training framework that aligns
pretrained video diffusion models toward 4D world-consistent generation by op-
timizing directly in latent space. To this end, we develop a latent geometry
model that connects video latents with geometry foundation models, leveraging
their strong geometric priors to predict 4D scene geometry for reward computa-
tion. Building on this model, we perform latent-space GRPO, enabling efficient
group-based policy updates without repeated VAE decoding. We further design
two complementary rewards, camera motion smoothness and geometry repro-
jection consistency, which jointly promote temporally stable camera trajectories
and cross-view coherent scene structure. This formulation applies to both static-
and dynamic-scene videos, encouraging 4D world-consistent video generation.
Across both static and dynamic benchmarks, VGGRPO substantially improves
geometric consistency and camera smoothness while preserving strong visual fi-
delity, demonstrating that latent-space 4D geometry rewards provide an efficient
and scalable approach for aligning video generation models.
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