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Text driven 3D human motion diffusion generation based on local generation
and global fusion
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Abstract: Objective Text-driven 3D human motion generation has emerged as a frontier research direction in multimodal
content creation, holding great promise for applications in virtual reality, film production, and the metaverse. Despite sig-
nificant progress, existing methods still face fundamental challenges in three aspects: precise semantic alignment between

natural language descriptions and generated motions, fine-grained control over individual body parts, and global coordina-
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tion that respects biomechanical constraints. Consequently, current solutions often suffer from semantic leakage unnatural
postures, and limited expressiveness. Moreover, most approaches either focus solely on motion synthesis without producing
complete 3D assets, or generate static avatars without dynamic pose control. To address these limitations, we propose a
novel cascaded diffusion framework that follows a “local-to-global, structure-to-appearance” generation pipeline, enabling
end-to-end synthesis from raw text to high-fidelity, real-time renderable 3D human models with precise motion control.
Method Our framework consists of four key stages, each designed to address a specific aspect of the text-to-3D human gen-
eration problem. First, a semantic decoupling module leverages a large language model (GPT-4) to automatically parse the
input text into independent action descriptions for six anatomical body parts: head, left arm, right arm, torso, left leg, and
right leg. This decomposition converts a global motion description into a set of part-specific textual instructions, explicitly
separating semantics across different body regions. For body parts not mentioned in the original text, the parser assigns a
“do nothing” instruction, preventing unintended movements.This step is crucial because it transforms a loosely coupled
global description into a structured, machine-readable format that guides subsequent generation. Second, we construct a
local motion generation module composed of six parallel diffusion-based encoders, each conditioned on its corresponding
part description. These encoders operate with gradient isolation, meaning that the training and inference processes for dif-
ferent body parts do not share gradients. This design fundamentally prevents semantic leakage—a common issue in prior
work where an action described for one body part inadvertently affects others. Each encoder adopts a transformer-based
denoising network. Starting from pure Gaussian noise, the network iteratively refines a latent code guided by the corre-
sponding part text embedding produced by a pre-trained TMR encoder. The resulting latent representation captures the fine-
grained motion characteristics of that specific body part, such as the trajectory, speed, and joint angles. Importantly,
because the six encoders are independent, they can be trained in parallel on part-specific motion data extracted from full-
body motion capture datasets. Third, a global motion fusion module integrates the six independent part latents into a coher-
ent full-body pose. Simple concatenation of part latents would ignore the biomechanical dependencies between body
regions. To address this, we employ a lightweight feed-forward network with GELU (gaussian error linear units) activa-
tion, augmented by the global semantic feature of the complete text. This network learns to enforce biomechanical con-
straints such as torso leaning backward during a forward kick, natural arm-leg coordination during walking, and maintain-
ing overall balance. The fused latent is then decoded into SMPL parameters, producing a parametric human mesh that
respects human skeletal kinematics. Fourth, for appearance enhancement and efficient rendering, we convert the SMPL
mesh into a set of 3D Gaussians—a modern explicit representation that supports real-time differentiable rasterization. Each
Gaussian is defined by its position, covariance matrix, opacity, and spherical harmonics coefficients for color. To enrich
geometric and textural details beyond the smooth SMPL mesh, we adopt a state-of-the-art 2D diffusion model (Flux) as a
powerful visual prior. Through SDS (score distillation sampling) , gradients from the 2D diffusion model are backpropa-
gated to iteratively optimize the attributes of the 3D Gaussians while keeping their positions fixed to preserve the generated
motion. This optimization runs for 4000 iterations, refining details such as skin texture, clothing wrinkles, and lighting
effects. The final output is a fully textured 3D human model that can be rendered in real time without any post-processing.
Result We conduct extensive experiments on two standard benchmarks, HumanML3D and KIT-ML, and compare our
method against representative baselines including MotionDiffuse, MDM, MLD, DreamFusion, GaussianDreamer, and oth-
ers. For quantitative evaluation, we employ multiple metrics. FID (Fréchet Inception Distance) measures the realism and
diversity of generated motion sequences. CLIP-S (CLIP similarity) evaluates semantic alignment between rendered multi-
view images and input text. Additionally, we introduce a Part-FID (part-level Fréchet inception distance) , which com-
putes FID separately for each of the six body parts using dedicated feature extractors, providing a fine-grained assessment
of local motion quality. Experimental results demonstrate that our method achieves an FID of 0.429, comparable to
MotionDiffuse (0.687) and MDM (0. 747). In terms of CLIP-S, our method attains 29. 41 (ViT-L/14) and 44. 39 (ViT-
bigG-14) , surpassing GaussianDreamer (27. 23 and 41. 88) and other Lexi-to-3D baselines. The proposed Part-FID yields
an average score of 1.26, which is 18. 7% better than MotionDiffuse, with the most significant improvement observed on
the torso, validating the effectiveness of our global fusion module in enforcing biomechanical coordination. Ablation studies

further confirm the contribution of each component: removing gradient isolation increases semantic leakage. Efficiency
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analysis shows that our method takes approximately 20 minutes for end-to-end generation, and the final 3D Gaussian repre-

sentation enables real-time rendering at 24 frames per second, which is two orders of magnitude faster than NeRF-based

renderers. Conclusion we present a comprehensive framework for text-driven 3D human motion generation that uniquely

combines local motion generation with global fusion, supported by efficient 3D Gaussian splatting and a powerful 2D diffu-

sion prior. The method achieves superior performance in motion realism, part-level control accuracy, semantic alignment,

and rendering efficiency. It provides an end-to-end solution from natural language to high-quality, real-time renderable 3D

human assets, opening new possibilities for interactive virtual human applications. Future work will focus on extending the

framework to generate long-sequence motions with temporal consistency and incorporating multimodal control signals.

Key words: Human motion generation; Local generation; Global fusion; Diffusion model; 3D Gaussian Splatting
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Fig. 1  Overview of the framework
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Fig. 2 The structure of the local motion generation module

K3 eEmsif sk

Fig. 3 The structure of the Global motion optimization module
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Table 2 Quantitative comparison of FID with other meth-
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Fig. 4  Generated different poses of SMPL and results generated by our method
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Fig. 5 Qualitative comparisons between our method and others
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Table 4 Ablation studies of text—to—motion generation
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Fig. 6 Ablation studies of the 2D diffusion models
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Table 5 Impact of the number of gaussians on rendering
performance
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6 SDSUER RN FRERI R
Table 6 Effect of SDS iteration steps on visual quality and

efficiency
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