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Abstract: To address the limitations of existing Transformer-based monocular 3D human pose estimation networks in modeling
local motion features, and the difficulty that traditional Graph Convolutional Networks ( GCNs) have in adapting to dynamic human
motion with static parameters, this paper proposes a 3D pose estimation network based on dynamic multi-granularity graph
convolution. First, by introducing a dynamic multi-granularity graph convolution module, the network not only models human joints
based on degree-of-freedom partitioning but also utilizes a dynamic modulation mechanism to adaptively generate modulation
parameters based on input data. This enhances the perception capability for local joint motion representations. Building upon this, a
dynamic multi-granularity graph transformer module is introduced. This module integrates the aforementioned graph convolution with
multi-head self-attention mechanisms, achieving synergistic modeling of local joint features and global context information. Finally,
a dual-stream time-frequency feature fusion transformer module uses cross-attention to explore the complementarity between
instantaneous time-domain information and global frequency-domain trends, overcoming single time-domain feature limitations.
Experimental results on Human 3.6M and MPI-INF-3DHP datasets show the method outperforms mainstream models like
PoseFormerV2, verifying its effectiveness.
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Fig.3 Dynamic multi-granularity graph convolution
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