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Abstract

Generative models have made significant progress in synthesizing visual content, including
images, videos, and 3D /4D structures. However, they are typically trained with surrogate objec-
tives such as likelihood or reconstruction loss, which often misalign with perceptual quality,
semantic accuracy, or physical realism. Reinforcement learning (RL) offers a principled frame-
work for optimizing non-differentiable, preference-driven, and temporally structured objectives.
Recent advances demonstrate its effectiveness in enhancing controllability, consistency, and
human alignment across generative tasks. This survey provides a systematic overview of RL-
based methods for visual content generation. We review the evolution of RL from classical control
to its role as a general-purpose optimization tool, and examine its integration into image, video,
and 3D /4D generation. Across these domains, RL serves not only as a fine-tuning mechanism but
also as a structural component for aligning generation with complex, high-level goals. We con-
clude with open challenges and future research directions at the intersection of RL and generative
modeling.

Keywords: Reinforcement learning, diffusion models, generative models, image synthesis, video
generation, 3D scene modeling, text-to-image, human feedback, multimodal learning.
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Table 2: {EREER VBench JH5h5_EAYITA .

Image Multiple Human  Motion Subject  Aesthetic

Models Quality Objects Action Smoothness Consistency Quality
VC2+VideoDPO [125] - 52.29  99.00 92.18 95.69 63.18
Turbo+VideoDPO [125] - 51.98 94.00 88.85 96.10 68.98
CogVid+VideoDPO [125] - 54.04  81.00 88.64 94.67 58.64
VisionReward [127] - 71.54  98.40 - - -
Turbo-v1+HALO [128] 72.07  54.97  95.00

Turbo-v2+HALO [128] 69.11 67.5 97.6

CogVidX-2B4+HALO [128] 61.90 72.91  98.00 - - -
RDPO [7] 65.11 - - 99.27 97.04 55.01
CogVidX-2B+VPO [133] - 70.17  99.00 - - -
CogVidX-5B+VPO [133] - 75.73  99.60 - - -
AAVG [135] 68.98 - - 99.13 95.20 54.28
OnlineVPO [130] 67.36 - - 99.36 97.58 55.37
InstructVideo [139] 70.09 - - 96.76 96.45 50.01
VADER ([140] 66.08 - - 98.89 95.53 53.43
CogVidX-2B+IPO [137] 62.87 - - 98.17 96.79 62.31

Text to Nerf / 3D GS
3D diffusion model
Multi-view generation
3D human generation
Point cloud generation
Others
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