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Figure 1: Camera-controlled video models often break 3D consistency during generation (top row).
Here, a video generated by an existing video model shows both local inconsistencies (the numbers on
the wall are distorted) and global inconsistencies (the wall’s orientation shifts). We introduce LoGo,
a post-training approach that combines global and spatially localized rewards to reliably improve
consistency in generation (bottom row).

ABSTRACT

Camera-controlled video models are rapidly advancing toward long generation
horizons and complex camera control. A key failure mode is 3D inconsistency:
as the camera moves, objects lose permanence and scene structures shift. Ex-
isting post-training techniques, which assign a single scalar reward to the entire
generation, are poorly suited to correcting these inconsistencies over long hori-
zons. We introduce LoGo, which blends global and spatially localized rewards for
camera-controlled video models. The local reward provides fine-grained credit as-
signment, which substantially improves 3D consistency, while the global reward
preserves camera following and video quality. Across three base models, LoGo
shows a clear advantage on DL3DV and TrajectoryBench, a new benchmark for
long-horizon, complex-camera-control generation that current evaluations lack.
LoGo effectively reduces local object shifts, artifacts, and global scene changes,
illustrating the importance of credit assignment in post-training video models.
Project website: https://ziqi-ma.github.io/logo-website/

1 INTRODUCTION

The rapid development in video generation has enabled us to generate worlds from image and text
prompts. Growing camera control capabilities enable users to freely navigate the generated space.
But, what qualities are necessary to transform these generates frames into “worlds” that users can
immerse themselves in and embodied applications can leverage?

A fundamental requirement is consistency: scenes should have persistent structure, and objects
should have permanence. However, current models struggle; Kupyn et al. (2025) highlights classical
geometric errors, Rakheja et al. (2025) studies object and relation permanence, and Ye et al. (2026)
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Scalar reward “washes out” local inconsistency

Local (door) inconsistency, yet top percentile in scalar reward

LoGo catches local inconsistency

good bad
Figure 2: A scalar reward cannot capture localized failures: the door inconsistency is “washed out”
by the overall good structure of the rollout. LoGo catches the localized inconsistency (right).

focuses on revisit consistency. These works highlight the difficulty of consistent video generation. In
this work, we focus on 3D consistency: (1) Globally, the spatial structure and layout should persist as
the user navigates the scene; (2) Locally, objects should stay consistent—they should not suddenly
appear or disappear, become corrupted by artifacts, or otherwise shift in geometry or appearance.

Current approaches improve video generation consistency through post-training. They apply
DPO (Rafailov et al., 2023) or Flow-GRPO (Liu et al., 2026a) with geometry rewards such as
epipolar constraints (Kupyn et al., 2025), depth reprojection (An et al., 2026; Du et al., 2026), or
Gaussian reconstruction (Wang et al., 2026a). These approaches all collapse the reward to a single
value for the entire generated video, without fine-grained credit assignment. This may suffice for
short-horizon generation (80 frames), but new challenges emerge as horizons grow. Chief among
them is 3D consistency failures, which tend to be localized and are thus difficult to capture with a
single global reward. Such failures surface in our experiments generating up to 400 frames. For
example, in Fig. 2, the door inconsistency in the rollout is local, yet the clip earns a high score for
its otherwise sound geometry, and the error goes unpenalized.

We propose LoGo, which enhances the global reward with a spatially localized reward. LoGo
directly performs credit assignment in 3D space. As shown by the reward heatmap on the right of
Fig. 2, LoGo pinpoints the door inconsistency, promoting local as well as global consistency. This
local reward improves 3D consistency, and when combined with camera and aesthetic rewards it
preserves or even improves video quality and camera following.

Current benchmarks for 3D consistency (Duan et al., 2025) focus on short-horizon (80-frame) gen-
erations with simple camera commands like “push forward.” To address the lack of 3D consistency
evaluation for long-horizon generation, we introduce TrajectoryBench, a new benchmark centered
on complex camera trajectories. TrajectoryBench challenges models to generate space far beyond
the initial view and to revisit the same regions from new angles, exposing failure modes that arise
under these demanding conditions and giving the community a testbed to study them.

Across three base video models, LoGo shows a strong advantage compared to baseline methods
using global reward structure. LoGo’s advantage persists across three different post-training al-
gorithms, demonstrating the robustness of our method. We make the following contributions: (1)
We propose LoGo, a 3D-based reward structure that improves geometric consistency in camera-
controlled video generation via combined global and spatially localized rewards, achieving state-of-
the-art on two challenging benchmarks; (2) Our reward framework is general, yielding consistent
gains across a range of base models – Lingbot2 (Gao et al., 2026), Lyra2 (Shen et al., 2026), and
UniWorld (Zhou et al., 2026) – and post-training techniques – DiffusionNFT (Zheng et al., 2026),
Flow-GRPO (Liu et al., 2026a), and DRaFT (Clark et al., 2024); (3) We release TrajectoryBench, a
benchmark for long-horizon video generation with complex camera trajectories.

2 RELATED WORK

Post-training for 3D consistency of video models. While some prior works improve 3D consis-
tency via architecture (Xu et al., 2024), memory (Ren et al., 2025), or training objective (Xiang
et al., 2026), a large number of works perform post-training. They propose geometry-based reward
models, such as epipolar constraint in Epipolar-DPO (Kupyn et al., 2025), depth reprojection in VG-
GRPO (An et al., 2026), VideoGPA (Du et al., 2026), VIGOR (Yin et al., 2026) and GeoVideo (Bai
et al., 2026), or Gaussian splatting (Kerbl et al., 2023) in World-R1(Wang et al., 2026a). Methods
like CamVerse (Wang et al., 2026d), CamPilot (Ge et al., 2026) use similar rewards to post-train for
camera control. While prior works show the efficacy of geometry rewards, they focus on the short-
horizon, 80-frame WAN model (Wan et al., 2025), and are limited to simple camera trajectories.
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Figure 3: Motivation of LoGo. (a) A global reward fails to improve 3D consistency; local re-
ward improves consistency, measured in PSNR, but degrades video quality, measured in HPSv3.
This motivates combining the two in LoGo. (b) LoGo (green) extends the Pareto frontier in the
consistency-quality tradeoff. (c) Reward curves and quality evaluation during training: local reward
degrades video quality over time; LoGo improves consistency without compromising quality.

Credit assignment in RL. Credit assignment in RL has proven impactful in LLM reasoning (Uesato
et al., 2022; Tao et al., 2026). In computer vision, reward localization has been explored for certain
tasks, as in SpatialFlow-GRPO (Yang et al., 2026) for editing, LongCat (Team et al., 2026b) for
omni model post-training, and CreFlow (Ni et al., 2026) for robotic video generation. While they
adopt some version of localized reward like loss masking (Ni et al., 2026), they do not comprehen-
sively explore credit assignment. In this work, we focus on a reward design that incorporates proper
credit assignment, which is central to improving 3D consistency over long horizons.

Long-horizon video generation post-training. Recent efforts enable long-horizon generation via
autoregressive rollout of flow-matching chunks (Shen et al., 2026; Sun et al., 2025; Gao et al., 2026).
While these models have been post-trained, existing methods are limited to specific aspects. (Wang
et al., 2026c) and DreamX-World 1.0 (Team et al., 2026a) post-train only for camera following, a
“local” property that can be evaluated per-frame without considering the full video. Wang et al.
(2026c) train on individual sampled autoregressive chunks, without considering credit assignment
across the video. Gu et al. (2026) use post-training to make reversible actions “cancel” each other
over long horizons, which differ from our focus on 3D consistency and credit assignment.

3 METHOD

The multifaceted challenge of improving 3D consistency in long-horizon video generation motivates
each component of the LoGo recipe. We explain each component below: (1) spatially-localized
credit assignment in §3.1; (2) local-global mixing in §3.2; (3) reward interleaving in §3.3.

3.1 REWARD LOCALIZATION IN 3D

Given a base model and a 3D consistency objective, the naive approach is to use the objective as a
scalar reward for post-training. However, as shown in Fig. 2, such a reward focuses on the overall
scene structure, “washing out” local inconsistencies. As a result, training only with a global reward
is ineffective: as shown in Fig. 3, a global reward fails to fix existing errors (in the lake example, the
bridge still disappears) or introduces new ones (in the garage example, it morphs the column).

Modern video models fail in three, largely local, ways: (1) inconsistent object appearance, (2) hallu-
cinated or disappearing objects, and (3) local artifacts. A good reward should penalize these failures
directly rather than merely ranking full-length videos. Motivated by this, we design a reward local-
ization method that operates directly in 3D space for accurate credit assignment during post-training.

Given a video, we first construct a scene point cloud by passing keyframes to VGGT-Ω (Wang et al.,
2025) and unproject each pixel using the predicted depth into a shared coordinate system. As shown
in Fig. 4a, we voxelize this shared 3D space into a voxel grid, and calculate a spatially localized error
per voxel: each voxel’s error is defined as the average reprojection error of every pixel unprojected
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into the voxel. For a pixel, the reprojection error is defined as a weighted combination of RGB error,
i.e., RGB projection of the scene point cloud into that pixel compared with the pixel’s generated
RGB, and depth error, i.e., depth projection of the scene point cloud into that pixel compared to the
pixel’s VGGT-predicted depth.

Let P be the scene point cloud, cj the camera pose of frame j, and Ij(x) the pixel of the j-th frame
at location x. For each voxel i, Si denotes the set of pixels that unproject into the voxel. If ProjRGB
and ProjD is the RGB and depth projection function, respectively, the local voxel error is defined as:

ei =
1

|Si|
∑

(x,j)∈Si

α
∥∥ProjRGB[P, cj , x]− IRGB

j (x)
∥∥2
2
+ (1− α)

∣∣ProjD[P, cj , x]− ID
j (x)

∣∣ (1)

For small group sizes during post-training, a cross-voxel normalization per rollout can be added to
the score to highlight the difference between systematically good or bad rollouts. In our experiments,
we set the voxel size to 0.1× the 90-percentile (P90) scene depth. For a 240-frame video, this yields
a median of roughly 3,000 voxels per scene, with a median of 200 points per voxel.

f1 f2
Local reward 

projected to f2

good
bad

b)a)

Local reward 
calculated per voxel

All keyframes in one 
coordinate frame

Figure 4: a): illustration of voxel reward aggregation. b):
visualization of local reward projected to video frames.

We visualize our local reward via
projected heatmaps in Figure 4, with
voxel advantages projected onto
keyframe patches. Our reward local-
ization scheme can correctly capture
each category of local inconsistency
that we observe, including appearance
inconsistency of the plant in the first
example, hallucinated objects in the
second example of the suddenly-
appearing bookshelf, as well as local artifacts, as seen in the last example as a yellow blob on the
left side of keyframe 2.

3.2 LOGO: BLENDING LOCAL AND GLOBAL REWARD

While the local reward is highly effective at improving 3D consistency, using it in isolation causes
video quality to degrade over the course of training (Fig. 3c). We attribute this to reward hacking:
as in LLMs, where dense rewards can induce such behavior (Zhuang et al., 2026), the local reward
fixes inconsistencies at the expense of overall quality, reducing sharpness and vibrancy (Fig. 3a).
The pattern is consistent with reward hacking, since blurrier, smoother edges lower depth errors and
less vibrant (closer-to-grey) colors lower RGB errors.

In contrast, a global reward, defined as the average reprojection error across all pixels and frames,
proves more robust to this degradation. The Pareto curves in Fig. 3b make the trade-off clear: the
local reward (orange) sacrifices video quality (measured by HPSv3 (Ma et al., 2025)) for geometric
consistency (measured by reprojection PSNR), whereas the global reward (blue) largely preserves
quality. To capture both the geometric consistency gains of the local reward and the video quality
of the global reward, we blend them as a weighted sum of the normalized reward – the optimality
probability in DiffusionNFT (Zheng et al., 2026).

ri,LoGo = 1
2 + 1

4 clip

(
ēi,local − ei,local

Zei,local

, −1, 1

)
+ 1

4 clip

(
ēglobal − eglobal

Zeglobal

, −1, 1

)
(2)

This blended local-global reward expands the Pareto frontier in the consistency-quality tradeoff,
shown with green in Fig. 3b. Over the course of training, LoGo improves the geometry reward,
i.e., the weighted sum of global reward and average local reward across voxels, without degrading
aesthetics, as show in Fig. 3c.

3.3 REWARD INTERLEAVING

To ensure our post-trained models are robust across multiple axes, such as video quality and cam-
era control, we interleave post-training with rewards targeting these properties. We adopt a cyclic
schedule: k steps with rLoGo, then m steps of aesthetic reward – HPSv3 (Ma et al., 2025) – and n
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steps of camera reward – equally weighted sum of rotation and translation errors, which preserves
or improves other metrics while still improving consistency. In Fig. 3b, the dotted half of each curve
uses reward interleaving, and the solid half does not. Our main results use DiffusionNFT (Zheng
et al., 2026); in the Appendix we further demonstrate efficacy with Flow-GRPO (Liu et al., 2026a)
and DRaFT (Clark et al., 2024).

Efficiency. LoGo adds minimal overhead – only 2.1% of the total reward calculation time and
0.5% of the total per-step training time. LoGo’s overhead comes only from computing the pixel-
voxel correspondence (9 seconds per step out of 1920 seconds of total per-step training time on 64
H100s). Training time is dominated by the video rollout, VGGT invocation and backpropagation,
all independent of LoGo.

4 EXPERIMENTS

We now turn to experiments to demonstrate the efficacy of LoGo. We first introduce Trajectory-
Bench, which addresses the evaluation gap for long-horizon video generation and complex camera
control. Then, we compare LoGo against post-training baselines across three base video models,
showing a consistent advantage. Finally, we ablate LoGo’s design choices, isolating the impact of a
spatially localized reward over a global reward on long-horizon generation.

4.1 BENCHMARKS

TrajectoryBench. We introduce TrajectoryBench, a new benchmark for long-horizon video gen-
eration with complex camera trajectories. Compared to existing benchmarks (Duan et al., 2025), it
contains challenging scenarios along three axes: (1) trajectories that move far from the initial view,
testing whether a model can generate unseen content; (2) trajectories that revisit the same area from
multiple viewing angles, testing 3D consistency; and (3) trajectories with space “transitions,” such
as passing through a door, testing whether a model can synthesize entirely new scenes.

Expansion

45°

45°

45°

45°
Revisit

60°

120°

60°

WorldScore TrajectoryBench

~1/4 median
scene depth

Figure 5: Camera trajectories of Trajecto-
ryBench vs. WorldScore.

TrajectoryBench contains 2,000 examples across three
difficulty levels (easy, medium, hard) and three space
types (indoor, outdoor, transition), each pairing an in-
put image with a camera trajectory. The easy split
is subsampled from WorldScore (80 frames, one cam-
era motion) for compatibility with existing benchmarks;
medium includes transition scenes that go through a
door into a new space, and contains concatenated three
single-camera-motion commands from WorldScore for
indoor and outdoor scens; and hard split packs seven to
eight camera motions into 240 frames, using our own
sourced initial images. Fig. 5 contrasts a WorldScore trajectory (easy) with a hard TrajectoryBench
one in expansion and revisit modes: WorldScore trajectories are simple, whereas TrajectoryBench
tests generation from views far from the initial frame or repeated revisits. TrajectoryBench also
provides comprehensive metrics spanning 3D consistency, camera-following, and video quality.

DL3DV. We evaluate on the DL3DV (Ling et al., 2024) 100-scene holdout set used by prior
works (Du et al., 2026). However, Du et al. (2026) evaluate with only the initial image and text
prompt, and omit camera control. Since our focus is on camera-controlled video models, we addi-
tionally condition on DL3DV’s original camera trajectories and evaluate camera control accuracy.

4.2 TRAINING AND EVALUATION SETTINGS

Base models and training setting. We post-train three state-of-the-art camera-controlled video
generation base models: (1) Lingbot-world-v2 (Gao et al., 2026), a 14B autoregressive model that
generates 12 frames at a time with KV cache, (2) Lyra-2 (Shen et al., 2026), a 14B model that
generates 80 frames per chunk, with a sparse 3D cache that supports camera-based retrieval; and
(3) UniWorld (Zhou et al., 2026), a 14B bidirectional model trained on 80-frame clips. Because
UniWorld’s quality degrades greatly beyond 80 frames, we subsample longer trajectories into 80-
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Model 3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑

Lingbot2

Base 16.9 16.0 16.9 0.842 1.507 13.2 0.108 0.21
VideoGPA 17.1 16.1 17.0 0.847 1.486 13.1 0.107 0.22
World-R1 17.0 16.0 16.9 0.839 1.515 13.1 0.108 0.21
Global-only (ours) 18.0 17.1 17.8 0.872 1.306 11.2 0.102 0.31
LoGo (ours) 19.0 18.2 18.4 0.894 1.111 8.9 0.103 0.37

UniWorld

Base 17.6 16.8 17.5 0.881 1.260 13.8 0.132 0.39
VideoGPA 17.7 16.9 17.5 0.882 1.275 13.8 0.132 0.39
World-R1 17.9 17.1 18.2 0.869 1.401 13.1 0.129 0.22
Global-only (ours) 18.3 17.5 18.0 0.892 1.195 13.3 0.126 0.37
LoGo (ours) 18.8 18.0 18.6 0.901 1.108 14.0 0.130 0.41

Lyra2

Base 18.4 17.7 19.0 0.897 1.550 7.9 0.100 -0.23
VideoGPA 18.0 17.4 18.6 0.896 1.511 7.7 0.099 -0.21
World-R1 18.8 18.1 19.4 0.899 1.550 7.7 0.101 -0.20
Global-only (ours) 19.4 18.6 19.7 0.900 1.396 7.6 0.099 -0.21
LoGo (ours) 19.7 19.0 20.0 0.905 1.352 7.5 0.101 -0.19

Table 1: Results on TrajectoryBench. PSNR-V and PSNR-D measure RGBD reprojection PSNR
(using VGGT and DA3), PSNR-GS is based on Gaussian reconstruction. LoGo achieves strong
gains in all consistency metrics across three base models. It increases PSNR-D by 2.2dB from
Lingbot2 base model, and reduces epipolar error by 26%. Meanwhile, LoGo preserves, and often
improves, camera following and video quality. Standard errors are in Table 6 in the Appendix.

Model 3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑

Lingbot2

Base 13.3 13.1 15.6 0.719 2.161 20.52 0.082 -0.422
VideoGPA 13.3 13.2 15.6 0.728 2.429 20.15 0.081 -0.409
World-R1 13.6 13.3 15.7 0.717 2.271 20.13 0.070 -0.429
Global-only (ours) 14.0 13.8 16.3 0.772 2.107 22.68 0.086 -0.305
LoGo (ours) 16.1 15.8 17.3 0.795 1.365 18.33 0.077 -0.283

UniWorld

Base 14.7 14.5 16.6 0.748 1.510 12.94 0.057 -0.128
VideoGPA 14.7 14.6 16.7 0.752 1.623 13.31 0.058 -0.129
World-R1 14.9 14.7 17.3 0.747 1.926 15.45 0.064 -0.234
Global-only (ours) 14.9 14.7 16.7 0.778 1.557 12.18 0.058 -0.134
LoGo (ours) 15.4 15.1 17.4 0.807 1.429 12.64 0.055 -0.121

Lyra2

Base 15.2 14.8 16.8 0.819 2.448 22.72 0.148 -0.557
VideoGPA 15.0 14.7 16.6 0.813 2.595 21.95 0.143 -0.508
World-R1 15.3 15.2 16.9 0.832 2.213 21.72 0.140 -0.523
Global-only (ours) 15.6 15.3 17.1 0.826 2.244 22.17 0.145 -0.525
LoGo (ours) 15.9 15.6 17.3 0.844 1.863 22.38 0.145 -0.513

Table 2: Results on DL3DV. LoGo yields larger gains than baseline methods across three base
models for all 3D consistency metrics, while maintaining camera control and video quality, with up
to 37% decrease in epipolar error. Standard errors are shown in Table 7 in the Appendix.

frame generations. We train all models on 1700 DL3DV scenes until convergence, which takes
16-36 hours on 64 H100s. More details can be found in §A.3 in the Appendix.

Metrics. We evaluate 3D consistency, camera following, and video quality. For 3D consistency,
we measure RGBD reprojection PSNR (Bai et al., 2026; Du et al., 2026), its depth-only variant
MVCS (Bai et al., 2026), Gaussian reconstruction error (Wang et al., 2026b), and epipolar er-
ror (Kupyn et al., 2025). We report depth metrics using VGGT (Wang et al., 2025) and Depth
Anything V3 (Lin et al., 2025) to avoid model bias. For camera control, we report relative pose
error (RPE): the VGGT-estimated camera translation and rotation between frames versus the ground
truth. For video quality, we measure video quality (VQ) score from VideoReward (Liu et al.,
2026b), a Qwen-based (Yang et al., 2024) reward model trained on human preference.

Baselines. We compare with state-of-the-art 3D consistency post-training methods. Prior meth-
ods are based on WAN (Wan et al., 2025), a 80-frame image/text-to-video model without camera
control. Since there has been no prior work on post-training camera-controlled models for 3D con-
sistency, we extend these methods to this setting. We compare to the following: (1) VideoGPA (Du
et al., 2026), a DPO (Rafailov et al., 2023) method using a single scalar VGGT (Wang et al., 2025)
reprojection reward for a whole video; (2) World-R1 (Zhou et al., 2026) performs Flow-GRPO (Liu
et al., 2026a) using VLM feedback on Gaussian reconstruction, yielding a scalar reward per rollout.
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Figure 6: Qualitative results of LoGo vs. baselines. Red boxes indicate inconsistent regions.
LoGo effectively fixes both global and local inconsistencies, including scene change (top right),
hallucinated objects (top left), floater artifacts (middle), and inconsistent object appearance (bottom).
Baseline post-training methods are not capable of resolving these issues, while LoGo is.

Current 
frame

Other 
keyframes 
reproject

Global-only LoGo Global-only LoGo Global-only LoGo

Figure 7: Global-only reward vs. LoGo. A 3D-consistent video should closely match its reprojec-
tions, though not perfectly, since keyframes in long videos overlap only sparsely. Global reward in-
curs inconsistencies, highlighted in red, such as hallucinated object (double railing), artifact (floater
in the robot scene), and object appearance change (chair). LoGo, by combining global reward with
local reward, effectively removes these inconsistencies.
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Model PSNR-V ↑ PSNR-D ↑ Epipolar ↓
E M H E M H E M H

Lingbot2

Base 22.6 18.2 15.3 20.6 17.6 14.5 0.524 0.681 2.034
VideoGPA 22.7 18.3 15.4 20.7 17.7 14.6 0.533 0.684 1.997
World-R1 22.7 18.1 15.4 20.6 17.4 14.5 0.526 0.681 2.046
LoGo 23.8 20.2 17.6 21.6 19.7 17.0 0.490 0.601 1.439

UniWorld

Base 23.0 17.2 16.7 21.2 16.4 16.1 0.450 0.760 1.623
VideoGPA 23.1 17.2 16.8 21.2 16.4 16.2 0.450 0.773 1.642
World-R1 22.4 17.3 17.2 20.5 16.5 16.6 0.462 0.860 1.805
LoGo 23.2 18.2 18.1 21.3 17.4 17.5 0.446 0.760 1.379

Lyra2

Base 22.2 17.9 17.8 21.1 17.2 17.3 0.519 0.874 2.027
VideoGPA 22.1 17.7 17.3 21.1 17.1 16.7 0.519 0.878 1.963
World-R1 22.2 18.1 18.4 21.0 17.5 17.8 0.529 0.939 1.999
LoGo 22.5 18.8 19.4 21.2 18.1 18.8 0.510 0.847 1.723

Table 3: Difficulty breakdown on TrajectoryBench. We show results on easy, medium, and hard
categories of TrajectoryBench. PSNR-V denotes RGBD reprojection error with VGGT, and PSNR-
D with DA3. LoGo’s margin over the baselines widens as difficulty increases across all three base
models. This trend also holds for other metrics found in Table 6 in the Appendix.

4.3 RESULTS

LoGo post-training improves consistency, while maintaining or improving video quality and
camera control. On both TrajectoryBench (Table 1) and DL3DV (Table 2), LoGo significantly im-
proves 3D consistency from the base models, with up to +2.7dB PSNR and 37% decrease of epipolar
error. For the best model, Lingbot2, LoGo also improves camera control and video quality. LoGo’s
effectiveness is shown qualitatively in Fig. 6, addressing both global and local inconsistencies, in-
cluding scene change (subway changes into a room, top-right), hallucinated objects (car appears in
golden gate bridge scene, top left), artifacts (column-like floaters for Lyra2), and object appearance
consistency (chair orientation change, bottom left). All these inconsistencies are fixed by LoGo.
Full videos can be found on our project website.

LoGo shows stronger gains than prior post-training methods, partly due to credit assignment.
Prior methods, VideoGPA and World-R1, show moderate gains from base models. For Lingbot2, on
both benchmarks the prior methods improve by 0.1dB for PSNR-GS and by 0.2dB for PSNR-D. We
hypothesize LoGo’s advantage comes partly from credit assignment via the local reward. In Table 2,
our global-only variant’s advantage over baselines is moderate, whereas LoGo shows stronger gains.
This comparison showcases the importance of credit assignment via the local reward.

Fig. 6 shows qualitatively that baseline methods fail to fix the base models’ inconsistencies: in
the golden gate bridge example, both VideoGPA and World-R1 change the hallucinated object but
do not remove it. World-R1, while reducing floaters (middle left), generates other artifacts like a
morphing human-shadow-like objects in the train station and morphs the chairs in the auditorium
(middle right). In the cartoon stylized example, UniWorld base model and all baselines transform
the hallway with door into a staircase scene, while LoGo is able to generate a coherent stair scene.

Fig. 7 further compares LoGo with our global-only variant qualitatively, visualizing the point cloud
reprojection from other keyframes versus the generated frame. A global-only reward fails to fix local
inconsistencies like double railing, artifacts, and the altered chair orientation. This corroborates the
quantitative finding that credit assignment is an important contributor to LoGo’s advantage.

LoGo’s advantage widens as the trajectories become more difficult. TrajectoryBench’s increas-
ing difficulty tier allows us to further understand LoGo’s advantage. While all metrics degrade as
the difficulty increases from easy to difficult, as expected, Table 3 shows that LoGo’s advantage
grows with difficulty. While LoGo’s advantage is moderate on easy trajectories (+1dB PSNR-D for
Lingbot2), the gain is much higher on hard trajectories (+2.5dB). The easy/medium/hard breakdown
for all metrics with standard errors are shown in Table 6 in the Appendix.

5 ABLATIONS AND ANALYSES
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3D Consistency Camera Video Quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑
Base 15.3 14.5 15.7 0.812 2.034 13.2 0.108 0.21
Global-only 16.5 15.7 16.7 0.848 1.726 11.2 0.102 0.31
Window 17.0 16.3 17.1 0.856 1.666 9.5 0.094 0.32
Framewise 17.0 16.4 16.9 0.857 1.531 10.7 0.101 0.24
Patchwise 16.9 16.2 17.0 0.865 1.660 8.4 0.100 0.24
Voxel 17.8 17.2 17.7 0.874 1.381 8.9 0.107 0.38

Table 4: Comparison of different local rewards. We compare voxel (used in LoGo) with frame-
wise, 2D patchwise, and 40-frame window credit assignment. Voxel-based yields the best consis-
tency gains. Easy/medium/hard breakdown and standard errors are in Table 8 in the Appendix.

3D Consistency Camera Video Quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑ HPSv3 ↑
Base 16.9 16.0 16.9 0.842 1.507 13.2 0.108 0.21 5.09
Local-only 19.2 18.2 18.7 0.893 1.078 11.2 0.116 0.32 4.47
+ interleave 19.2 18.3 18.6 0.897 1.072 8.9 0.107 0.38 4.94
+ global (final) 19.0 18.2 18.4 0.894 1.111 8.9 0.103 0.37 5.18

Table 5: Ablating the LoGo recipe. Using local-only reward yields best 3D consistency but drops
camera and aesthetics metrics. Adding in reward interleaving improves other metrics, but still de-
grades HPSv3 compared to the base model. LoGo, which includes both reward interleaving and
local-global blending, yields the best overall result. Standard errors are in Table 11 in the Appendix.
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Figure 8: Epipolar error vs. length.

We analyze the performance of LoGo over increasing video
lengths, compare different credit assignment methods for
LoGo’s local reward, and ablate each component of LoGo’s
recipe. We further provide an ablation of voxel granularity and
show LoGo’s robustness on other RL algorithms.

LoGo’s gain strengthens as video length increases. We eval-
uate videos ranging from 80 to 400 frames in length. As shown
in Fig. 8, longer-horizon generation is more challenging for the
base model, Lingbot2, yielding higher epipolar errors. LoGo leads at all lengths, and its advantage
widens with the growing frame length – from 24% epipolar error reduction at 80 frames to 62% at
400 frames.

Voxel credit assignment in 3D wins over frame-or-patch-level assignment. There are multiple
methods of credit assignment, such as assiging credit to windows of frames, each frame, or 2D
patches, in addition to 3D voxels. Table 4 compares these credit assignment methods, and shows
voxels to be the strongest. This is intuitive since voxels occupy the 3D space where inconsistencies
occur. Localizing per-frame or per-patch can be inaccurate: since camera following is imperfect, a
fixed frame or patch usually does not correspond to the same region across various rollouts.

Ablating the LoGo recipe. As explained in §3.2 and §3.3, local-global blending and reward inter-
leaving improve video quality and camera following. We ablate the effect of each by adding them in
one at a time in Table 5. Only using the local voxel reward yields the highest 3D consistency metrics
at the cost of camera and aesthetics. Applying reward interleaving without local-global blending
improves camera and video quality, but still degrades HPSv3. Blending with global reward further
improves camera and aesthetics, surpassing the base model in every metric.

LoGo’s advantage persists with other post-training algorithms. While our main results use Dif-
fusionNFT (Zheng et al., 2026), we also show LoGo’s advantage with other post-training methods,
including FlowGRPO (Liu et al., 2026a) and DRaFT (Clark et al., 2024) in Table 9 in the Appendix.

Voxel granularity. Across voxel sizes from 0.05× to 0.7× 90-percentile (P90) scene depth, finer
granularity up to 0.1× P90 scene depth improves both 3D consistency and camera control (§A.6.2).
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6 CONCLUSION AND LIMITATIONS

We propose LoGo, a reward design which enables camera-controlled video models to generate 3D-
consistent worlds by post-training with a local-global reward blending. LoGo, via effective 3D
credit assignment, outperforms prior methods. Motivated by the lack of 3D consistency evaluation
for long-context camera-controlled video generation, we propose TrajectoryBench, which we hope
will serve as a testbed for future development. We release code, checkpoints, and benchmark.

LoGo has two main limitations: (1) Very long-horizon generation (beyond 400 frames) remains
challenging and might require new memory design, not just better reward design; (2) LoGo focuses
on static scenes, and extending it to dynamic scenes is an exciting direction for future work. There,
4D reconstruction techniques such as Zhang et al. (2026) could be used to compute rewards similar
in spirit to LoGo.

7 AI USE STATEMENT

In this paper, we used LLMs to polish language (asking ChatGPT to help with awkward sentences)
and for visualization of schematic illustrations. We also used AI coding tools to help speed up
standard code implementation. We have not used generative AI tools for the core research idea or to
write the content of the paper.
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A APPENDIX

In the Appendix, we include additional explanation of the localized reward calculation, additional
experimental result tables, additional training, evaluation, and benchmark construction details, as
well as additional ablations and analyses.

A.1 RL REWARD FORMULATION WITH LOGO

We instantiate voxelized credit assignment by making the advantage calculation non-uniform across
a sample. For example, for DiffusionNFT, the canonical implementation is using a scalar r with

LNFT = E
[
r∥v+θ − v∥2 + (1− r)∥v−θ − v∥2

]
With LoGo, we assign a different r per latent spatio-temporal patch by averaging the optimality
probability (normalized reward) for all voxels that project to this patch:

L(k)
NFT,j =

1

|A|
E
[ ∑
i∈A={i:Si∩Ij(k)̸=∅}

ri∥v(k)θ+,j − v
(k)
j ∥2 + (1− ri)∥v(k)θ−,j − v

(k)
j ∥2

]
(3)

where Si denotes all pixels that project to voxel i, and Ij(k) is the set of pixels in frame j patch
k, and A denotes all voxels that project onto the current patch. The FlowGRPO (Liu et al., 2026a)
objective can be decomposed similarly.

A.2 ADDITIONAL EXPERIMENT RESULTS

We provide full results referenced in the main text below. We present the full easy/medium/hard
breakdown for TrajectoryBench evaluation for all metrics. We also show standard errors to demon-
strate the statistical significance of metric improvements.

Table 6 compares LoGo with baselines, with full breakdown of easy/medium/hard split of all 3D
metrics and standard errors on TrajectoryBench. Table 7 shows LoGo’s comparison with baselines
on DL3DV with standard errors. Table 8 shows full difficulty breakdown for the ablation of dif-
ferent localization methods, demonstrating that voxel localization (used in LoGo) is the strongest,
with growing advantage as the difficulty increases. Table 9 shows full difficulty breakdown of the
LoGo evaluation with various post-training algorithms, including DiffusionNFT, Flow-GRPO, and
DRaFT, with standard errors. Table 10 shows various metrics’ improvement under different voxel
granularities for voxelization. Table 11 shows standard errors for the LoGo recipe ablation.

Model
3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑
E M H E M H E M H E M H E M H

Lingbot2

Base 22.6 18.2 15.3 20.6 17.6 14.5 21.0 18.0 15.7 0.918 0.878 0.812 0.524 0.681 2.034 13.2 0.108 0.21
VideoGPA 22.7±0.03 18.3±0.08 15.4±0.04 20.7±0.05 17.7±0.08 14.6±0.05 21.1±0.05 18.1±0.07 15.8±0.04 0.916±0.002 0.880±0.004 0.820±0.005 0.533±0.011 0.684±0.013 1.997±0.052 13.1±0.14 0.107±0.001 0.22±0.004

World-R1 22.7±0.06 18.1±0.08 15.4±0.04 20.6±0.08 17.4±0.08 14.5±0.05 21.1±0.06 18.0±0.07 15.7±0.04 0.917±0.002 0.873±0.005 0.809±0.005 0.526±0.012 0.681±0.012 2.046±0.054 13.1±0.14 0.108±0.001 0.21±0.004

Global (ours) 22.9±0.14 19.3±0.11 16.5±0.05 20.8±0.13 18.8±0.11 15.7±0.06 21.4±0.11 18.9±0.09 16.7±0.05 0.916±0.005 0.908±0.006 0.848±0.005 0.521±0.013 0.649±0.015 1.726±0.057 11.2±0.17 0.102±0.001 0.31±0.006

LoGo (ours) 23.8±0.16 20.2±0.11 17.6±0.05 21.6±0.15 19.7±0.11 17.0±0.06 21.7±0.11 19.4±0.09 17.4±0.05 0.942±0.006 0.929±0.006 0.871±0.006 0.490±0.010 0.601±0.012 1.439±0.052 8.9±0.18 0.103±0.001 0.37±0.006

UniWorld

Base 23.0 17.2 16.7 21.2 16.4 16.1 20.6 17.5 16.9 0.900 0.898 0.871 0.450 0.760 1.623 13.8 0.132 0.39
VideoGPA 23.1±0.02 17.2±0.02 16.8±0.02 21.2±0.05 16.4±0.04 16.2±0.03 20.6±0.05 17.6±0.03 16.9±0.02 0.900±0.001 0.898±0.001 0.871±0.002 0.450±0.002 0.773±0.010 1.642±0.036 13.8±0.06 0.132±0.000 0.39±0.002

World-R1 22.4±0.07 17.3±0.08 17.2±0.06 20.5±0.08 16.5±0.08 16.6±0.06 20.1±0.09 17.9±0.08 18.0±0.05 0.894±0.003 0.883±0.006 0.858±0.005 0.462±0.003 0.860±0.015 1.805±0.042 13.1±0.19 0.129±0.001 0.22±0.006

Global (ours) 22.8±0.05 17.6±0.05 17.6±0.05 20.8±0.06 16.9±0.07 17.1±0.06 20.5±0.07 17.9±0.06 17.6±0.04 0.899±0.001 0.901±0.005 0.887±0.003 0.447±0.003 0.773±0.017 1.514±0.039 13.3±0.14 0.126±0.001 0.37±0.004

LoGo (ours) 23.2±0.05 18.2±0.06 18.1±0.06 21.3±0.07 17.4±0.07 17.5±0.06 21.0±0.09 18.5±0.06 18.2±0.05 0.904±0.002 0.913±0.004 0.895±0.003 0.446±0.002 0.760±0.012 1.379±0.036 14.0±0.18 0.130±0.001 0.41±0.004

Lyra2

Base 22.2 17.9 17.8 21.1 17.2 17.3 21.6 18.9 18.5 0.924 0.922 0.881 0.519 0.874 2.027 7.9 0.100 -0.23
VideoGPA 22.1±0.04 17.7±0.06 17.3±0.04 21.1±0.05 17.1±0.06 16.7±0.04 21.6±0.06 18.7±0.06 18.0±0.04 0.920±0.003 0.926±0.003 0.880±0.003 0.519±0.003 0.878±0.033 1.963±0.050 7.7±0.11 0.099±0.001 -0.21±0.003

World-R1 22.2±0.05 18.1±0.06 18.4±0.04 21.0±0.07 17.5±0.06 17.8±0.04 21.7±0.07 19.3±0.08 19.0±0.04 0.920±0.003 0.929±0.003 0.883±0.003 0.529±0.007 0.939±0.034 1.999±0.051 7.7±0.12 0.101±0.001 -0.20±0.003

Global (ours) 22.5±0.05 18.6±0.06 19.0±0.04 21.3±0.07 17.9±0.06 18.4±0.04 21.8±0.07 19.6±0.07 19.4±0.04 0.921±0.003 0.929±0.003 0.884±0.003 0.513±0.003 0.869±0.023 1.784±0.050 7.6±0.11 0.099±0.001 -0.21±0.003

LoGo (ours) 22.5±0.04 18.8±0.06 19.4±0.04 21.2±0.06 18.1±0.07 18.8±0.05 21.8±0.08 19.8±0.07 19.7±0.04 0.922±0.003 0.930±0.003 0.892±0.003 0.510±0.003 0.847±0.025 1.723±0.051 7.5±0.10 0.101±0.001 -0.19±0.003

Table 6: TrajectoryBench evaluation difficulty breakdown. Geometry columns are split by difficulty
tier E / M / H for easy, medium, hard splits. LoGo achieves better 3D consistency than baseline
methods in all twelve metrics across three splits for all three models, while maintaining or improving
camera control and video quality, with the strongest advantage on the hard split. ± denotes paired
standard error.

A.3 ADDITIONAL TRAINING DETAILS

We perform post-training with LoGo on Lyra2, Lingbot2, and UniWorld on 1700 DL3DV scenes.
For training, we use DL3DV’s given camera trajectories based on COLMAP (Schönberger & Frahm,
2016). Since each model’s translation unit is different from the COLMAP unit, we perform scaling
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Model 3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑

Lingbot2

Base 13.3 13.1 15.6 0.719 2.161 20.52 0.082 -0.422
VideoGPA 13.3±0.10 13.2±0.11 15.6±0.09 0.728±0.014 2.429±0.158 20.15±1.215 0.081±0.005 -0.409±0.010

World-R1 13.6±0.11 13.3±0.10 15.7±0.11 0.717±0.017 2.271±0.154 20.13±1.681 0.070±0.004 -0.429±0.012

Global (ours) 14.0±0.15 13.8±0.14 16.3±0.14 0.772±0.016 2.107±0.152 22.68±1.745 0.086±0.006 -0.305±0.017

LoGo (ours) 16.1±0.22 15.8±0.20 17.3±0.21 0.795±0.021 1.365±0.198 18.33±1.504 0.077±0.006 -0.283±0.018

UniWorld

Base 14.7 14.5 16.6 0.748 1.510 12.94 0.057 -0.128
VideoGPA 14.7±0.03 14.6±0.07 16.7±0.05 0.752±0.005 1.623±0.082 13.31±0.458 0.058±0.001 -0.129±0.008

World-R1 14.9±0.12 14.7±0.12 17.3±0.14 0.747±0.018 1.926±0.102 15.45±1.432 0.064±0.002 -0.234±0.015

Global (ours) 14.9±0.10 14.7±0.11 16.7±0.07 0.778±0.013 1.557±0.079 12.18±0.514 0.058±0.002 -0.134±0.011

LoGo (ours) 15.4±0.11 15.1±0.12 17.4±0.09 0.807±0.014 1.429±0.072 12.64±0.949 0.055±0.002 -0.121±0.012

Lyra2

Base 15.2 14.8 16.8 0.819 2.448 22.72 0.148 -0.557
VideoGPA 15.0±0.09 14.7±0.08 16.6±0.09 0.813±0.011 2.595±0.216 21.95±0.549 0.143±0.003 -0.508±0.011

World-R1 15.3±0.11 15.2±0.13 16.9±0.12 0.832±0.010 2.213±0.200 21.72±0.768 0.140±0.003 -0.523±0.011

Global (ours) 15.6±0.11 15.3±0.13 17.1±0.10 0.826±0.013 2.244±0.253 22.17±0.619 0.145±0.003 -0.525±0.010

LoGo (ours) 15.9±0.12 15.6±0.13 17.3±0.10 0.844±0.012 1.863±0.225 22.38±0.690 0.145±0.002 -0.513±0.012

Table 7: DL3DV evaluation with standard errors. ± denotes paired standard errors. LoGo yields
more improvement in 3D consistency compared to baseline post-training methods on three different
base models for all four metrics, while maintaining camera control and video quality. The improve-
ment is significant, with up to 37% decrease in epipolar error.

Reward readout 3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑
E M H E M H E M H E M H E M H

Base 22.6 18.2 15.3 20.6 17.6 14.5 21.0 18.0 15.7 0.918 0.878 0.812 0.524 0.681 2.034 13.2 0.108 0.21
Global 22.9±0.14 19.3±0.11 16.5±0.05 20.8±0.13 18.8±0.11 15.7±0.06 21.4±0.11 18.9±0.09 16.7±0.05 0.916±0.005 0.908±0.006 0.848±0.005 0.521±0.013 0.649±0.015 1.726±0.057 11.2±0.17 0.102±0.001 0.31±0.006

Window 23.3±0.17 19.9±0.11 17.0±0.05 21.2±0.15 19.3±0.11 16.3±0.06 21.6±0.12 19.4±0.09 17.1±0.05 0.918±0.005 0.914±0.006 0.856±0.005 0.539±0.020 0.635±0.014 1.666±0.053 9.5±0.17 0.094±0.001 0.32±0.006

Framewise 23.5±0.17 19.7±0.11 17.0±0.05 21.3±0.16 19.0±0.11 16.4±0.06 21.5±0.11 19.0±0.09 16.9±0.05 0.929±0.005 0.918±0.006 0.857±0.005 0.531±0.021 0.617±0.013 1.531±0.053 10.7±0.17 0.101±0.001 0.24±0.006

Patchwise 23.4±0.16 19.6±0.11 16.9±0.06 21.2±0.15 18.8±0.11 16.2±0.06 21.5±0.12 19.0±0.09 17.0±0.05 0.930±0.005 0.918±0.006 0.865±0.005 0.509±0.010 0.621±0.013 1.660±0.054 8.4±0.18 0.100±0.001 0.24±0.006

Voxel 23.9±0.14 20.3±0.11 17.8±0.05 21.6±0.14 19.7±0.11 17.2±0.06 21.7±0.11 19.4±0.09 17.7±0.05 0.937±0.005 0.934±0.006 0.874±0.005 0.499±0.029 0.587±0.013 1.381±0.053 8.9±0.18 0.107±0.001 0.38±0.006

Table 8: Full ablation table of different ways to localize the reward. We compare voxel reward (used
in LoGo as local reward), and other localization schemes such as framewise, 2D patchwise, frame
windows (40f windows). Voxel localization yields the best improvement because it normalizes per-
group rollouts in the native 3D space where 3D consistency is measured, without being affected by
shifts in region represented per frame/patch caused by slightly different camera following in each
rollout. This advantage persists across difficulty splits, and is most significant on the “hard” split,
which has longer generation horizon and more complex camera motions.

RL algorithm 3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑
E M H E M H E M H E M H E M H

Base 23.0 17.2 16.7 21.2 16.4 16.1 20.6 17.5 16.9 0.900 0.898 0.871 0.450 0.760 1.623 13.8 0.132 0.39

DiffusionNFT Ours-global 22.8±0.05 17.6±0.05 17.6±0.05 20.8±0.06 16.9±0.07 17.1±0.06 20.5±0.07 17.9±0.06 17.6±0.04 0.899±0.001 0.901±0.005 0.887±0.003 0.447±0.003 0.773±0.017 1.514±0.039 13.3±0.14 0.126±0.001 0.37±0.004

LoGlo 23.1±0.05 17.9±0.06 17.9±0.06 21.2±0.07 17.2±0.07 17.4±0.06 20.9±0.08 18.4±0.07 18.0±0.05 0.903±0.002 0.912±0.004 0.895±0.003 0.446±0.003 0.781±0.017 1.436±0.037 13.9±0.18 0.130±0.001 0.40±0.004

FlowGRPO Ours-global 23.2±0.03 17.7±0.03 17.5±0.03 21.3±0.06 16.8±0.04 16.8±0.04 20.9±0.10 18.0±0.04 17.5±0.03 0.901±0.001 0.902±0.002 0.880±0.002 0.456±0.001 0.788±0.014 1.500±0.035 13.8±0.07 0.132±0.000 0.37±0.003

LoGlo 23.3±0.03 17.8±0.03 17.6±0.03 21.5±0.05 17.0±0.04 16.9±0.04 21.0±0.08 18.1±0.04 17.6±0.03 0.902±0.001 0.902±0.002 0.883±0.002 0.454±0.002 0.764±0.008 1.553±0.039 13.7±0.10 0.132±0.000 0.36±0.003

DRaFT Ours-global 23.0±0.02 17.1±0.02 16.6±0.02 21.1±0.05 16.2±0.04 16.0±0.03 20.6±0.07 17.4±0.03 16.7±0.02 0.899±0.000 0.894±0.001 0.869±0.002 0.453±0.004 0.768±0.011 1.726±0.037 14.0±0.07 0.132±0.000 0.39±0.003

LoGlo 23.0±0.02 17.2±0.02 16.8±0.02 21.1±0.04 16.3±0.04 16.2±0.03 20.6±0.06 17.5±0.03 16.8±0.02 0.899±0.001 0.893±0.002 0.871±0.002 0.449±0.002 0.765±0.013 1.670±0.038 14.0±0.08 0.132±0.000 0.39±0.003

Table 9: Full difficulty breakdown of TrajectoryBench evaluation of LoGo with three different post-
training algorithms: DiffusionNFT, Flow-GRPO, and DRaFT. LoGo’s advantage persists regardless
of post-training algorithms. Paired standard error is displayed in each cell.

Voxel size 3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑
E M H E M H E M H E M H E M H

Base 22.6 18.2 15.3 20.6 17.6 14.5 21.0 18.0 15.7 0.918 0.878 0.812 0.524 0.681 2.034 13.2 0.108 0.21
0.05 24.1±0.16 20.7±0.11 18.6±0.06 21.8±0.16 20.1±0.11 17.8±0.06 21.7±0.13 19.7±0.09 18.2±0.06 0.932±0.005 0.935±0.007 0.880±0.005 0.466±0.010 0.579±0.014 1.229±0.051 9.2±0.17 0.108±0.001 0.42±0.006

0.1 24.3±0.15 20.5±0.11 18.7±0.06 21.8±0.15 19.9±0.11 17.9±0.07 21.8±0.10 19.6±0.09 18.4±0.06 0.941±0.005 0.939±0.007 0.885±0.006 0.486±0.014 0.577±0.014 1.235±0.051 9.0±0.19 0.111±0.001 0.42±0.006

0.3 24.6±0.16 20.7±0.11 18.4±0.06 22.2±0.16 20.2±0.11 17.6±0.07 21.7±0.11 19.6±0.09 18.0±0.06 0.947±0.006 0.940±0.007 0.893±0.006 0.467±0.012 0.581±0.013 1.246±0.051 10.5±0.18 0.117±0.001 0.42±0.006

0.5 23.6±0.12 19.9±0.11 17.5±0.06 21.4±0.12 19.3±0.11 16.6±0.06 21.6±0.10 19.2±0.09 17.5±0.05 0.933±0.004 0.923±0.006 0.865±0.005 0.484±0.016 0.595±0.013 1.450±0.053 14.5±0.18 0.119±0.001 0.39±0.006

0.7 24.2±0.17 20.3±0.11 17.7±0.06 21.8±0.16 19.7±0.11 17.0±0.06 21.8±0.11 19.4±0.09 17.6±0.05 0.935±0.005 0.929±0.006 0.882±0.005 0.489±0.014 0.588±0.013 1.321±0.052 10.3±0.19 0.107±0.001 0.43±0.006

Table 10: Ablation of localization voxel size on TrajectoryBench, with difficulty breakdown and
paired standard errors. Decrease of voxel size generally increases 3D consistency, up to 0.1 ×
median scene depth. We choose voxel size of 0.1 based on this ablation.

of 0.4× to convert to Lyra2 unit, and 1× for UniWorld. Lingbot2 does not need scaling since it
self-normalizes by each scene’s peak step. We subsample the first half of the scene trajectories into
240 frames to ensure appropriate scene coverage and camera motion speed. We train all models
with a batch size of 8 and group size of 16. For Lingbot2 and UniWorld, we use a group size of 16
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3D consistency Camera Video quality

PSNR-V ↑ PSNR-D ↑ PSNR-GS ↑ MVCS ↑ Epipolar ↓ RPE◦ ↓ RPE trans ↓ VR-VQ ↑ HPSv3 ↑
Base 16.9 16.0 16.9 0.842 1.507 13.2 0.108 0.21 5.09
Local reward 19.2±0.05 18.2±0.05 18.7±0.04 0.893±0.004 1.078±0.034 11.2±0.12 0.116±0.001 0.32±0.004 4.47±0.019

+ interleave 19.2±0.05 18.3±0.05 18.6±0.04 0.897±0.004 1.072±0.034 8.9±0.13 0.107±0.001 0.38±0.004 4.94±0.013

+ global (final) 19.0±0.05 18.2±0.05 18.4±0.04 0.894±0.004 1.111±0.033 8.9±0.13 0.103±0.001 0.37±0.004 5.18±0.010

Table 11: Ablation on LoGo recipe with paired standard errors. Using local reward only yields best
3D consistency but worst camera and aesthetics metrics. Adding in reward interleaving improves
other metrics, but still degrades HPSv3 compared to the base model. LoGo, which includes both
reward interleaving and local-global blending, yields the best overall result.

and learning rate of 3e-4. For Lyra2, we train with a learning rate 3.33e-5 for more stability. For
Lingbot2 and UniWorld, we use an equal weighting (0.5-0.5) of RGB and depth error in the reward.
For Lyra2, we use a 0.3-RGB, 0.7-depth weighting to reduce reward hacking. For UniWorld, since
it uses BLIP-2 (Li et al., 2023) captioner for inference, we also train with BLIP-2 captions. We do
not use captions for Lingbot2 and Lyra2. Models are trained till the geometry reward converges,
around 16-36 hours on 64 H100s for the three base models.

A.4 ADDITIONAL EVALUATION DETAILS

For depth PSNR evaluation, we use leave-one-out reprojection: we fuse keyframes (every 20th
frame) from the video, leaving out the current frame, and project the point cloud using the given
frame’s camera pose. Leave-one-out is used because for long trajectories, keyframes can be spatially
sparse and overall point cloud reprojection could be dominated by each frame’s self-reprojection if
not excluded.

A.5 ADDITIONAL DETAILS ON TRAJECTORYBENCH CONSTRUCTION

TrajectoryBench contains 2000 tasks, each composed of an initial image, a camera trajectory, and
an optional text prompt. We divide the benchmark into easy, medium, and hard splits. The scene
types include indoor, outdoor, and “extension”: one space going through a door into another space.

The easy split is a subsample of WorldScore of 80 frames and 1 camera action, sourced from a
subset of WorldScore (Duan et al., 2025) to be comparable with existing benchmarks, thus putting
the more difficult tasks in context. While WorldScore has a small split of “composite camera ac-
tion” evaluation, it tests I2V models via three separate 80-frame, single-camera-action generations.
Our medium split includes indoor, outdoor, and “extension” scene types. For indoor and outdoor,
tests 3-action composition with a single 240-frame generation using the same initial images for
comparability. Additionally, the medium split also includes “extension” scenes which go through
a door into a new space. For the hard splits (up to 240 frames and 8 camera motions), we source
initial images for the indoor and outdoor scenes from Pexels (Pexels, 2026). Indoor covers residen-
tial, commercial, institutional, industrial, recreational, cultural and transit spaces. Outdoor covers
civic gathering, transportation, agricultural (farms, vineyards), commercial, recreational, and natural
spaces. For the “extension” scene type, since we require the door to be of specific size and location,
and want to maintain scene diversity, we leverage Nano Banana (Google, 2026) to generate spaces
covering diverse scene types, such as ballroom, indoor pool, aircraft hangar, and courtroom. The
camera trajectories are human-designed using language primitives (go back, go left, etc.), mapped
into camera paths, and evaluated on base models to adjust the translation and rotation amount to
ensure the viewer 1) does not crash into walls or objects, and 2) cover a substantial sweep of spaces.

We also include stylized scenes: 20% of the benchmark is stylized via Nano Banana into eight styles,
including Japanese anime, classical oil painting, Minecraft, watercolor, geometric low poly 3D, 3D
studio cartoon (Pixar style), cyberpunk, and Victorian steampunk. The diverse coverage of Trajec-
toryBench and the inclusion of various difficulty levels of trajectories make enable a comprehensive
evaluation of models.
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Base Reward localization LoGo

Hallucinated tree only in some frames + splits into two Hallucinated tree removed

Figure 9: Visualization of LoGo’s local reward. The red-blue overlay is the normalized score per
voxel projected back to image patches - blue means good and red means bad. In this example, a
tree that did not exist in earlier is hallucinated in the middle of the video and splits into two. This is
caught by LoGo’s local reward component, which concentrates on the tree region, and subsequently
fixed by post-training with LoGo.
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Figure 10: Effect of voxel size on geometry metric and camera following metrics. Both improve
with finer voxel size up till 0.1× P90 scene depth.

A.6 ADDITIONAL ANALYSES AND ABLATIONS

A.6.1 ADDITIONAL VISUALIZATION OF LOGO’S LOCAL REWARD.

We visualize voxel-localized credit assignment by back-projecting the score to image patches. The
two keyframes show a tree non-existent in the start of the video hallucinated in the middle of the
frame and splits into two parts. This inconsistency is caught by the local reward of LoGo– the red
(penalty) area concentrates around the tree. Training with LoGo removes the hallucinated tree.

A.6.2 VOXEL GRANULARITY ABLATION.

We further ablate voxel granularity to understand what leads to the best credit assignment perfor-
mance. Figure 10 shows the effect of voxel granularity on geometry and camera control metrics.
Since our scenes comprise of indoor and outdoor scenes of diverse scales, we define voxel size as
a multiple of 90-percentile (P90) scene depth. Comparing voxel sizes of 0.05× to 0.7× P90 scene
depth, we find that up to 0.1× P90 scene depth, finer granularity improves both 3D consistency
geometry metrics (depth reprojection PSNR) and camera control. Finer-grained credit assignment
intuitively helps improve the 3D objective better. Regarding camera, we hypothesize that penalizing
a large voxel can incentivize the model to just turn the camera less to “see” less of the penalized
voxel, whereas fine-grained penalty does not provide this incentive: turning camera less could avoid
the penalized small voxel, but also potentially other good voxels. Voxels that are too fine-grained
no longer brings much improvement, since most inconsistencies can already be captured by the 0.1
granularity.
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