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Abstract

Recent advances in diffusion models have dramatically improved image fidelity
and diversity. However, aligning these models with nuanced human preferences
-such as aesthetics, engagement, and subjective appeal remains a key challenge
due to the scarcity of large-scale human annotations. Collecting such data is both
expensive and limited in diversity. To address this, we leverage the reasoning
capabilities of vision-language models (VLMs) and propose Self-Play Reward
Optimization (SPRO), a scalable, annotation-free training framework based on
multimodal self-play. SPRO learns to jointly align prompt and image generation
with human preferences by iteratively generating, evaluating, and learning to refine
outputs using synthetic reward signals such as aesthetics and human engagement.
This self-improving feedback loop eliminates the need for external supervision.
SPRO comprises three stages: (1) SPRO-Prompt, which trains a Guider-VLM via
self-play to generate diverse, high-reward prompts targeting objectives such as
PickScore (user preference), LAION-Aesthetics, and EngageNet (engagement); (2)
SPRO-Image, which fine-tunes the diffusion model on high-reward images derived
from these prompts; and (3) SPRO-Multimodal (SPRO-MM), which integrates
both components for full end-to-end alignment. Without relying on human-labeled
data, SPRO achieves an average 30% improvement across preference objectives.
Moreover, its generated prompts generalize across both open- and closed-source
diffusion models. Through iterative self-play, SPRO discovers prompting strategies
rarely authored by humans such as emphasizing visual harmony for aesthetics or
leveraging shadow-based cues for engagement. SPRO offers a scalable path toward
aligning generative models with complex subjective human values.

1 Introduction

Recent advances in diffusion models have transformed image generation, enabling the creation of
highly realistic and diverse visuals [7]. State-of-the-art systems such as DALL·E [20], Stable
Diffusion [21], and SDXL [17] have demonstrated remarkable capabilities across tasks including
text-to-image synthesis, style transfer, and image inpainting. Despite these advances, diffusion
models remain fundamentally limited in their ability to align with nuanced human preferences—such
as aesthetic appeal, engagement, and subjective taste. These dimensions of alignment are inherently
abstract, context-dependent, and difficult to quantify, making them challenging to capture through
conventional supervised training paradigms.

A number of approaches have been explored to enhance alignment between generated images and
human preferences, broadly falling into two categories: prompt optimization and model optimization.
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Figure 1: Visual comparison between images generated from original captions (left) and those
optimized using our SPRO (Self-Play Reward Optimization) framework (right). SPRO generates
images that are more aligned with diverse human preferences - aesthetic appeal, user preference, and
engagement, without relying on any human-annotated data. The effectiveness of SPRO is measured
using specialized scorers for each objective LAION Score [22] for aesthetics, PickScore [11] for
user-preference, and EngageNet (EOIGScore) [9] for engagement.

Prompt optimization methods steer generation by refining textual inputs while keeping the diffusion
model frozen [6, 15, 29]. In contrast, model optimization approaches directly fine-tune diffusion
weights using preference-based feedback while holding other components constant [1, 5, 27]. Both
directions, however, depend heavily on manually curated datasets containing prompts and their
preferred or human-improved variants. This reliance on human-authored data imposes fundamental
limitations: designing prompts that consistently yield high-quality outputs is difficult due to the
nonlinear and often unintuitive relationship between linguistic phrasing and visual realization. For
instance, subtle textual changes, such as adding terms, like “highly detailed,” “ultra realistic,” or invok-
ing specific artists’ styles, can dramatically alter visual quality in unpredictable ways. Consequently,
models trained on curated datasets tend to replicate only human-discoverable strategies, constraining
their creative potential. Moreover, large-scale human curation is costly and yields datasets with
limited scope and diversity, further restricting progress toward robust preference alignment.

A promising direction for reducing reliance on human-annotated data is the autonomous generation of
high-quality synthetic data that capture diverse dimensions of human preference. One mechanism that
enables this is self-play, a reinforcement learning paradigm in which a model iteratively generates,
evaluates, and learns from its own outputs to improve over time. This paradigm removes the need for
explicit human supervision by establishing structured feedback loops through which a model refines
its behavior. Originally introduced in TD-Gammon [26], where a neural network learned to play
backgammon by competing against itself, self-play later achieved widespread prominence through
AlphaGo and AlphaZero [24, 25], which reached expert-level performance in games like Go and Chess
without relying on human gameplay. More recently, the concept has been extended to large language
models (LLMs) for complex reasoning tasks such as mathematics and programming. For example,
DeepSeek-R1 [4] employs a reinforcement learning framework in which the model synthesizes its own
examples across multiple iterations, boosting pass@1 accuracy on the AIME 2024 benchmark from
15.6% to 71.0%. Similarly, SPIN [3] demonstrates that self-play can enhance instruction-following
by generating tasks, solving them, scoring outputs, and fine-tuning on high-quality completions,
yielding over a 10% improvement on benchmarks such as GSM8k and TruthfulQA.

In the image domain, self-play has also been explored through SPIN Diffusion [32], which finetunes
diffusion models by having them compete against earlier versions of themselves in an iterative
general-sum minimax game. This setup allows the model to progressively improve without requiring
human-annotated preference labels. SPIN Diffusion is evaluated on two human preference objectives.
For user preference, it achieves a score of 22.00 and for aesthetic appeal, it reaches a score of 6.24,
after three iterations, showing clear improvement over the base SDXL model which scores 20.99 and
5.67 respectively.

A common theme across recent advances in both text and image domains is the use of self-play to
iteratively refine models through synthetic feedback, thereby reducing reliance on human-annotated
data. Despite its success, most existing approaches remain confined to a single modality and lack
mechanisms for discovering strategies that generalize across architectures or preference objectives.
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