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Abstract. Generating high-fidelity and controllable 3D assets from a
single image remains a significant challenge. We propose a novel frame-
work that integrates preference optimization into a rectified flow-based
diffusion model operating on a latent set representation. This approach
enhances geometric fidelity and user alignment, enabling the efficient syn-
thesis of diverse 3D formats. Our core contribution is a versatile reward-
based optimization strategy for aligning generation with human-centric
criteria like surface quality. We introduce Direct Reward Optimization
(DRO), which fine-tunes the model using only absolute quality feedback,
removing the need for pairwise data. The framework also seamlessly in-
corporates Direct Preference Optimization (DPO) when paired data is
available. Parameter-efficient control is achieved via Low-Rank Adapta-
tion (LoRA). To ensure data quality, we also develop a robust preprocess-
ing pipeline using a neural SDF reconstruction method with Gaussian
curvature constraints to produce high-quality watertight meshes. Exten-
sive experiments show our framework achieves state-of-the-art perfor-
mance. Quantitative evaluations demonstrate significant improvements
in Chamfer Distance and F-Score, while qualitative results confirm su-
perior geometric fidelity and user preference alignment compared to ex-
isting methods.
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1 Introduction

The creation of digital 3D content is undergoing a paradigm shift, driven by
the rapid advancements in Al-generated content (AIGC). As demand for high-
quality 3D assets explodes across industries ranging from entertainment and
gaming to industrial design and the metaverse, the need for automated, efficient,
and controllable generation methods has become more pressing than ever. De-
spite remarkable progress, a substantial quality and utility gap persists between
3D generative models and their 2D counterparts [47}/50]. This disparity stems
from fundamental challenges unique to the 3D domain: the inherent complexity
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Fig. 1: Our method generates high-quality, controllable 3D assets from a single image in
seconds. By integrating preference optimization (DPO/DRO) into a rectified flow-based
diffusion model, our framework significantly enhances geometric fidelity and alignment
with user-centric criteria, producing visually appealing and structurally sound models
suitable for diverse applications from creative design to engineering.

of geometric representations (e.g., meshes, point clouds, neural fields) |25,38| and
the chronic scarcity of large-scale, high-quality 3D datasets |9]. Consequently,
generating 3D assets that are not only geometrically accurate but also semanti-
cally aligned with user intent remains a significant open challenge.

Recent diffusion-based models [56}66,68] have emerged as the dominant
paradigm for single-image-to-3D generation, demonstrating impressive capabil-
ities. However, a closer examination reveals two fundamental limitations that
hinder their practical applicability. First, their geometric quality is often com-
promised. Trained on vast but noisy web-crawled data, these models frequently
produce assets plagued with topological errors, non-watertight surfaces, floating
artifacts, and inconsistent surface normals.

Second, and perhaps more critically, aligning the generated outputs with
nuanced, user-centric preferences is exceptionally difficult. Beyond simple text-
to-shape correspondence, users often have implicit quality criteria, such as de-
siring a "smooth" car body, "sharp" mechanical edges, or a certain "aesthetic
appeal." These preferences are subjective, context-dependent, and notoriously
difficult to formalize into a differentiable loss function. The current generation
process often acts as a "black box," lacking robust mechanisms for fine-grained
control and optimization beyond the initial conditioning prompt. This lack of
alignment severely limits the utility of generated assets in professional workflows
that demand precision and artistic control.

To overcome these limitations, we argue that a paradigm shift is required,
moving beyond simple statistical learning towards explicit preference-aware op-
timization. We propose that a two-pronged strategy is essential: one must first
establish a foundation of high-quality data to ensure geometric plausibility, and
then explicitly align the generative model with human-centric quality criteria.
This paper introduces a novel framework that operationalizes this strategy. To
address the data challenge, we propose a robust data curation pipeline that
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