
Prior-aware Dynamic Temporal Modeling Framework for
Sequential 3D Hand Pose Estimation (Supplemental Material)

In the supplemental material, we provide:
• more details of network structure in Sec. 1,
• the details of loss function in Sec. 2,
• more qualitative results in Sec. 3,
• discussion on limitation and future work in Sec. 4.

Note that all the notation and abbreviations here are con-
sistent with the main manuscript.

1. Details of Network Structure
In this section, we introduce the details of the network struc-
ture. Given the input 3D skeleton sequence X ∈ RT×J×C ,
we first project it to a high-dimensional feature Finit ∈
RT×J×C using a linear layer, then add learnable spatial po-
sitional encoding Ps ∈ R1×J×C and learnable temporal
positional encoding Pt ∈ RT×1×C to it. Similar to Mo-
tionBERT [6], residual connection and layer normalization
(LayerNorm) are used to all self-attention module and the
dynamic temporal module result.

2. Definition of Loss Function
Similar to previous methods [2, 4], we supervise the joints
and mesh vertices as follows:
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where SL1 represents the smooth L1 loss [1, 3]; T, J, V
represents the number of frames, the number of joints and
the number of mesh vertices, respectively.

In order to make the network estimation result smoother,
we use acceleration loss [5] to supervise the predicted joints
as follows:
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Figure 1. The initial error curve and refined error curve. We show
the initial poses and the refined poses at some specific frames.

where A3D is the computed acceleration from predicted
pose and A3D,gt is the ground-truth acceleration.

3. More Qualitative Results
As shown in Fig. 1, our method can generate smoother
estimation results and correct the erroneous estimation of
specific patterns. In particular, our method effectively re-
duces some extremely large errors, which is very impor-
tant for some practical hand interaction applications. On
the other hand, our method can correct some local errors,
such as the ring finger error. At the same time, benefiting
from the global temporal modeling, our method can correct
the global hand pose, such as the direction of the hand.

Meanwhile, we provide qualitative results for four repre-
sentative scenarios in the supplementary video, including
self-occlusion, subtle high-frequency hand motion, large
hand motion, and global hand rotation. For prediction er-
rors caused by self-occlusion, our method can use timing
information to correct the hand pose, thereby obtaining an
smoother and more accurate results. For scenes with subtle
and high-frequency changes in motion trends, our method
can effectively avoid latency problems. In scenes with large
hand movements and global hand rotations, our method can

1



achieve global motion smoothness and refine the inaccu-
rate local joints, which shows the importance of combining
global long-term temporal modeling with local short-term
temporal modeling.

4. Limitation and Future Work
Although our method has achieved significant improve-
ments in hand-object and two-hand interaction scenarios, it
does not explicitly model the interactions, which may limit
its performance in these complex scenarios. Additionally,
similar to MotionBERT, our method could leverage large-
scale pre-training on multiple datasets to further enhance
3D hand pose estimation performance. It could also be fine-
tuned to adapt to various downstream tasks, such as gesture
recognition.
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