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Abstract: The field of 3D vision is currently undergoing a profound and historical paradigm shift, transitioning from a tradi-
tional core focus on "perception and reconstruction" —which emphasizes the faithful recovery of geometry from observation
—to a new, integrated stage characterized by "reconstruction-generation-interaction". This paper provides a systematic,
comprehensive, and critical review of the frontier advances in 3D reconstruction and generation technologies, covering key
directions including 3D reconstruction paradigms, 3D object and scene generation, and the evolution of 3D digital
humans. Specifically, it analyzes the fundamental principle differences between optimization-based and feed-forward recon-
struction methods, evaluates the current status and bottlenecks of object-level generation, CAD generation, and embodied
Al scene generation, and compares the performance and future viability of 2D versus 3D digital human technologies in the
context of real-time rendering and complex spatial interactions. The analysis indicates that in the domain of 3D reconstruc-
tion, two distinct technical paradigms have emerged, each with unique strengths and limitations. Optimization-based meth-
ods, exemplified by classical pipelines like COLMAP and modern neural representations such as Neural Radiance Fields
(NeRF) and 3D Gaussian Splatting (3DGS) , excel in achieving high-precision geometric recovery. By defining 3D repre-
sentations as optimizable structures and iteratively minimizing the photometric error between rendered results and ground
truth, these methods can achieve sub-millimeter level accuracy on standard benchmarks like the DTU dataset. However,
they suffer from significant computational redundancy, often requiring hundreds or thousands of iterations, and exhibit poor
robustness when dealing with ill-posed problems such as sparse-view inputs or textureless regions. In contrast, feed-
forward reconstruction methods, represented by architectures like VGGT, DUSt3R, and Fast3R, represent a shift towards
data-driven direct prediction. These models utilize neural networks to predict 3D geometry from input images in a single for-
ward pass, offering rapid inference speeds and superior generalization capabilities in underdetermined conditions. How-
ever, they currently lack the fine-grained detail of optimization methods, often producing "blurry" geometry due to the
domain gap between synthetic training data and real-world scenarios. The review identifies that the current mainstream
trend is the deep fusion of these two paradigms—such as using feed-forward models to initialize optimization processes (e.
g. , InstantSplat) —and the injection of multimodal semantic information. Notably, optimization methods excel at fusing
pixel-aligned modalities like depth and normals, whereas feed-forward methods are more adept at integrating abstract
semantic signals such as text and audio. In the realm of 3D generation, the technical focus has shifted rapidly from pure
visual quality to structural controllability and part-level manipulation. While "3D native" large models have achieved suc-
cess in generating high-resolution meshes, significant challenges remain in bridging the gap between Al generation and
industrial production standards. A critical bottleneck identified is the specific domain of CAD generation. Although recent
approaches have attempted to model CAD designs as sequence learning problems or graph-based B-Rep generation, they
frequently face the "dirty geometry" challenge. Generated models often exhibit non-watertight surfaces, irregular topolo-
gies, and defective assembly relations, failing to meet the strict constraints required for manufacturing, physics simula-
tion, or downstream engineering tasks. Furthermore, the paper highlights the intersection of 3D generation and Embodied
Al For robotic simulation and training, the demand is not merely for static visual assets but for interactive scenes where
objects possess articulated parts, physical properties, and realistic, messy layouts. Current generative methods struggle to
produce such complex, unordered scenes that reflect the reality of the physical world, which is essential for training robust
embodied agents. Regarding digital human technology, the field is witnessing a fierce competition between 2D and 3D
approaches. 2D generation methods, driven by advanced video diffusion models (e. g., Sora, Animate Anyone) , have
shown tremendous progress, delivering hyper-realistic visuals and rapid iteration speeds that challenge the necessity of tra-
ditional 3D pipelines. These 2D models leverage massive video datasets to learn motion and appearance, often bypassing
the need for explicit geometric modeling. However, the analysis argues that 3D technology remains irreplaceable in han-
dling complex spatial interactions. 3D digital humans (e. g. , Gaussian Avatars) provide the precise geometric consis-
tency, explicit depth information, and collision data necessary for immersive VR/AR (Virtual Reality/Augmented Reality )
experiences and autonomous system interactions—capabilities that 2D video generation currently lacks. The study suggests
a future trend where 2D and 3D technologies converge, with massive 2D video data being used to supervise and refine 3D
representations,, moving toward "multimodal interactive avatars" capable of understanding and generating speech, gesture,

and expression in real-time environments. The study reveals that the 3D field is experiencing a fundamental paradigm shift
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from "observation-driven reconstruction" to "data-driven generation". Future developments will likely concentrate on three

strategic directions: first, the deep fusion of feed-forward and optimization-based methods to solve the inherent trade-off

between robustness and precision; second, the evolution of 3D generation towards industrial usability and editability,

ensuring assets are physically valid and topologically sound rather than just visually plausible ; and third, the deep coupling

of 3D technology with scenarios such as embodied Al and digital humans, where generation serves functional interaction

needs. Ultimately, 3D reconstruction and generation are no longer isolated visual problems but have evolved into founda-

tional capabilities supporting virtual-real fusion and intelligent decision-making.
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Fig. 1 Optimization-Based Reconstruction Algorithm
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Fig. 5 Feed-forward reconstruction suffers from low accuracy,

low confidence, and blurry visual effects (results from VGGT,

Pi3 and Fast3R from left to right)
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Fig. 7 Current 3D generative methods have achieved part-

level generation performance
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8 i ALA: WA CAD #E7 (DeepCAD (Wu %5, 2021) )
Fig. 8 Al-generated CAD models
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Fig. 9 Existing 3D generative methods enable the generation

of digital assets for embodied intelligence scenarios
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action and Immersion
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