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The supplementary document includes the further de-
scription of Spatio-temporal pooling function, real-time
analysis, limitations, future work, and the code related to
this study.

1. Spatio-temporal Pooling Function
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be the center of instance i (from the IIM module) and s
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scale (estimated from keypoints or center-heatmap spread).
Psync proceeds in three steps:

(1) Spatial pooling (per frame). We crop a local region
around R
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n+t′ using RoIAlign with a square box
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resampled to a K×K grid (we use K=7 and κ=2.0). The
pooled patch is passed through a 3×3 conv→BN→ReLU
and global average pooling (GAP) to yield a frame-level
instance descriptor
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We apply L2-normalization to stabilize subsequent atten-
tion:
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(2) Temporal attention (within window). For the query
time t, we form keys/values from the window T = { t′ |
t− δ ≤ t′ ≤ t+ δ }:
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We compute attention scores with an optional visibility bias
b
(i)
t′ ∈ [0, 1] (from detection confidence/occlusion flags):
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where PE(·) is a sinusoidal relative-time encoding, and
λ, µ, ε are constants. We obtain weights
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masking invalid frames (no detection) by setting e
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t,t′ =

−∞.
(3) Temporal aggregation and projection. The syn-

chronized instance embedding is
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where γ adds a residual from the current frame and σ de-
notes LayerNorm. If δ=0 or neighbors are masked, Psync
reduces to the spatial descriptor of the current frame.

This pooling operation leverages temporal continuity
and spatial locality to produce consistent instance-level em-
beddings across the sequence. It is effective for short-term
interactions (e.g., coordinated motion, identity persistence
under occlusion) and feeds the SIA module to build a cross-
frame interaction graph, where each instance is influenced
by intra-frame neighbors and temporally adjacent counter-
parts—facilitating robust pose estimation and mesh recon-
struction in complex video scenarios.

2. Real-time Visuals

To evaluate the real-time capabilities of the proposed sys-
tem, we perform human mesh recovery using the 3DPW
[1] dataset. Visual examples are provided in Figure 4 of
the main paper. To better assess the real-time performance
of the SIAM model, we convert a set of images from the
3DPW dataset into a sequence of videos and perform a se-
ries of tests. The videos are available attached in the sup-
plementary folder and also on our web page. *.

*https : / / sites . google . com / view / niazahmad /
projects/siam-wacv-26
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3. Limitations and Future Work.
Although SIAM brings new contributions to the field, cer-
tain aspects require further investigation in future research.
One key challenge lies in decomposing individual instances
within the feature space, as the instance interaction atten-
tion mechanism introduces strong bonds between the in-
stances; isolating them in the feature space is a challeng-
ing task, specifically regressing the keypoint coordinates in
dense scenes. In future work, we aim to conduct an in-
depth exploration of the Feature Decomposition module to
improve the capability of isolating instances in the feature
space for better representation of individual features.
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