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Motivation

Existing methods

Conventional 3D body mesh reconstruction methods 
often use decoupling strategies that isolate individual 
features for separate representation, lacking relational 
cues among entities.

Our motivation

(1) Explicit modeling of spatial relational cues among 
multiple human instances in live scenes. 

(2) Extracts enriched instance-specific features from 
the share attributes captured in the scene. 
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Proposed Method
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Figure 1. Overview of the proposed SIAM framework. Given a stream of video frames {fn, fn+1, . . . , fn+m}, spatially rich multi-person features F are extracted 
using a high-resolution backbone. The Synchronous Interaction Attention (SIA) module captures cross-instance relational cues across both spatial and 
temporal dimensions to produce interaction-aware representations {F ′n, F ′ n+1, . . . , F ′ n+m}. These are then passed through the Feature Decomposition (FD) 
module to isolate individual-specific representations, which are finally used to reconstruct accurate 3D human mesh predictions in the output stream.



Synchronous Interaction Attention

S
of
tm
ax

Query

Key

Value

Li
ne
ar

Li
ne
ar

Fn

F'n+m

Fn+1 Fn+2 Fn+m

Figure 2: Architecture of the Attention Block. Instance-level features are transformed into 
query, key, and value representations through linear projections.



Real-time Capabilities

Figure 3. A comparative analysis of error and inference time, with corresponding input 
resolutions and frame rates (FPS) indicated in parentheses. The proposed method, by utilizing 
an optimal input resolution, demonstrates comparative performance with SOTA approaches 
on the AGORA test set while achieving real-time inference capability on a single RTX 3090.



Qualitative analysis



Comparison with  SGRE

Dongkai Wang and Shiliang Zhang. SGRE: 3d human mesh recovery with sequentially global rotation estimation. In Proceedings of the CVPR, 2023.
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Ablations 3DPW

Table 1. Validation of the SIA and FD modules under both frame-based and video-based settings. Base-32 and 48 refers to our base 
model using HRNet-32 and 48.



Qualitative CMU-Panoptic

Table 2. Comparison with SOTA methods on the CMU-Panoptic test set. The results are reported from four 
activities, including their averages. The numbers denote the MPJPE. W32 indicates HRNet-W32 and W48 
indicates HRNet-W48.



Qualitative AGORA test set

Table 3. Comparison of previous methods on the AGORA test set. W32 indicates HRNet-W32 and 
W48 indicates HRNet-W48.
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