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Abstract

Full-body motion tracking plays an essential role in AR/VR
applications, bridging physical and virtual interactions. How-
ever, it is challenging to reconstruct realistic and diverse
full-body poses based on sparse signals obtained by head-
mounted displays, which are the main devices in AR/VR
scenarios. Existing methods for pose reconstruction often in-
cur high computational costs or rely on separately modeling
spatial and temporal dependencies, making it difficult to bal-
ance accuracy, temporal coherence, and efficiency. To address
this problem, we propose KineST, a novel kinematics-guided
state space model, which effectively extracts spatiotempo-
ral dependencies while integrating local and global pose per-
ception. The innovation comes from two core ideas. Firstly,
in order to better capture intricate joint relationships, the
scanning strategy within the State Space Duality framework
is reformulated into kinematics-guided bidirectional scan-
ning, which embeds kinematic priors. Secondly, a mixed spa-
tiotemporal representation learning approach is employed to
tightly couple spatial and temporal contexts, balancing ac-
curacy and smoothness. Additionally, a geometric angular
velocity loss is introduced to impose physically meaning-
ful constraints on rotational variations for further improv-
ing motion stability. Extensive experiments demonstrate that
KineST has superior performance in both accuracy and tem-
poral consistency within a lightweight framework.

Introduction
Full-body pose reconstruction based on Head-Mounted Dis-
plays (HMDs) facilitates a diverse array of AR/VR applica-
tions, including patient rehabilitation, realistic avatar gener-
ation, and the control of teleoperated humanoid robots (He
et al. 2024; Dai et al. 2024c). However, due to the sparsity
of signals captured by HMDs, inferring accurate and natural
full-body motion remains a challenging problem.

Previous works have demonstrated the feasibility of re-
constructing realistic full-body motion, but often at the ex-
pense of substantial computational cost and large parameter
counts, which limits its application. For example, Avatar-
JLM (Zheng et al. 2023) improves performance by stack-
ing multiple Transformer blocks (Vaswani 2017) in a high-
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Figure 1: Comparison of our approach with state-of-the-
art methods in terms of overall performance. Our method
achieves the smallest average position error and smoother
motion, and maintains a lightweight model architecture.

dimensional space, while SAGE (Feng et al. 2024) leverages
large generative models such as VQ-VAE (Van Den Oord,
Vinyals et al. 2017) and diffusion models (Rombach et al.
2022). Their high deployment costs underline the need for
more efficient solutions that can achieve high accuracy with
a compact framework.

To build lightweight and robust models for realistic full-
body pose estimation from sparse inputs, recent works have
explored various solutions. For example, RPM (Barquero
et al. 2025) introduces a prediction consistency anchor to
reduce sudden motion drift, which improves smoothness but
sacrifices pose accuracy. To improve pose accuracy, sepa-
rate temporal and spatial modules are adopted to better cap-
ture the complex dependencies of human motion (Dai et al.
2024a; Dong et al. 2024). Although this dual-module de-
sign enhances joint interaction modeling, some modeling
capacities are shifted to single-frame spatial features, which
can compromise motion smoothness. Therefore, a key ques-
tion is raised: how can we design a model that remains
lightweight yet achieves both high accuracy and motion
smoothness?

Recently, the State Space Duality (SSD) framework (Dao
and Gu 2024) introduces a special and robust scanning strat-
egy and shows great promise for efficient time-series mod-
eling, making it a strong candidate for our task. However,
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directly applying SSD to human motion tracking yields un-
satisfactory performance, primarily due to its unidirectional
scanning and the absence of specific designs for full-body
pose reconstruction.

To tackle this challenge, we propose KineST, a
lightweight yet effective model, to fully extract spatiotem-
poral dependencies while integrating local and global pose
information. Specifically, we first design a Temporal Flow
Module (TFM) to learn inter-frame dynamics. The main
components in TFM are SSD blocks in which a bidirectional
scanning strategy is employed to initially capture motion
features. These are followed by a Local Motion Aggrega-
tor (LMA) and a Global Motion Aggregator (GMA), which
progressively refine local and global motion dependencies.

Secondly, we introduce a robust Spatiotemporal Kine-
matic Flow Module (SKFM), which employs a Spatiotem-
poral Mixing Mechanism (STMM) to tightly couple spatial
and temporal contexts and maintain a balance between accu-
racy and temporal continuity. Moreover, a novel Kinematic
Tree Scanning Strategy (KTSS) is employed to incorporate
kinematic priors into spatial feature capture and fully cap-
ture intricate joint relations. To further improve motion con-
tinuity, a geometric angular velocity loss is proposed, jointly
constraining both the magnitude and direction of rotation
changes in a geometrically consistent way. The contributions
of this work are summarized as follows:

• A kinematics-guided state space model, KineST, is pro-
posed, which can not only fully extract spatiotemporal
information but also integrate local-global perception.

• A robust Spatiotemporal Kinematic Flow Module
(SKFM) is designed, which applies the Spatiotemporal
Mixing Mechanism (STMM) to tightly couple spatial
and temporal contexts and employs a novel Kinematic
Tree Scanning Strategy (KTSS) to fully capture intricate
joint relations.

• To further improve motion continuity, a geometric angu-
lar velocity loss is proposed to impose physically mean-
ingful constraints on rotational variations.

• Extensive experiments demonstrate KineST’s superiority
over current state-of-the-art methods. Furthermore, com-
prehensive ablation studies confirm the contribution of
each carefully designed component.

Related Works
Motion Tracking from Sparse Observations
Earlier methods explore full-body tracking using 4 or 6
IMUs (Huang et al. 2018; Yi et al. 2022; Yang, Kim, and
Lee 2021; Yi, Zhou, and Xu 2021; Von Marcard et al. 2017;
Jiang et al. 2022b). However, in AR/VR scenarios, HMDs
are more practical and widely adopted, which typically
provide only 3 tracking signals from the head and hands.
Based on HMD inputs, generative techniques are adopted
to synthesize full-body poses. For example, in FLAG (Ali-
akbarian et al. 2022) and VAE-HMD (Dittadi et al. 2021),
a variational auto-encoder (VAE) and a flow-based model
are applied, respectively. In AGRoL (Du et al. 2023) and
SAGE (Feng et al. 2024), the reconstruction of avatars is

achieved by diffusion models or VQ-VAEs. Correspond-
ingly, another type of work is based on regression-based ap-
proaches. Transformer-based architecture is adopted to pre-
dict full-body poses from these three sparse signals, such as
AvatarPoser (Jiang et al. 2022a), AvatarJLM (Zheng et al.
2023), HMD-Poser (Dai et al. 2024a), and RPM (Barquero
et al. 2025). KCTD (Dai et al. 2024b) designs an MLP-
based model with kinematic constraints for the task. With
the recent advancements in state space models (SSMs), sev-
eral studies have explored their potential for this task. For
instance, MMD (Dong et al. 2024) leverages the sequen-
tial modeling capability of SSMs to track full-body poses
in the temporal and spatial dimensions, respectively. SSD-
Poser (Zhao et al. 2025) further introduces a hybrid architec-
ture combining SSD and Transformers to efficiently capture
contextual motion features.

Although promising results are achieved, they struggle
to balance pose accuracy and motion smoothness within a
lightweight framework. To address this, a kinematics-guided
spatiotemporal state space model, KineST, is designed to
improve both accuracy and continuity.

Spatial Modeling in Human Pose Estimation

Spatial modeling plays a vital role in full-body motion re-
construction from sparse signals, where accurately captur-
ing inter-joint relationships within a single frame is crucial
for reconstructing plausible poses. While spatial modeling
has been widely explored in related domains such as action
recognition and image-based pose estimation (Zheng et al.
2024; Jiao et al. 2025; Feng et al. 2023; Tang et al. 2023;
Wu, Zhang, and Zou 2023; Qian et al. 2023; Zhao et al.
2023), its application under sparse input constraints presents
unique challenges. In most existing methods (Zheng et al.
2023; Aliakbarian et al. 2023; Dai et al. 2024a; Qian et al.
2024), self-attention mechanisms are employed to treat the
22 body joints as independent tokens and learn pairwise
dependencies through similarity weights(Fig. 3(b)). In con-
trast, BPG (Yao, Wu, and Yi 2024) employs a GCN-based
structure to explicitly encode local joint connectivity via an
adjacency matrix, while MMD (Dong et al. 2024) leverages
SSMs to process concatenated joint features as a whole, im-
plicitly modeling global joint correlations.

Despite their effectiveness, these approaches focus on ei-
ther local or global relations, and often fail to tightly inte-
grate spatial and temporal contexts. To address this limita-
tion, we introduce KTSS to enhance the spatial modeling ca-
pacity based on body topology, and further propose STMM
to jointly encode spatial-temporal dependencies, striking a
better balance between accuracy and smoothness.

Preliminary
State Space Duality The SSD framework (Dao and Gu
2024) is an advanced and efficient variant of SSMs, offer-
ing enhanced capabilities in both computation and inference.
This framework introduces a novel matrix-based computa-
tion structure, which integrates the linear recurrence proper-
ties of SSMs with a quadratic dual formulation. Specifically,
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Figure 2: Overall architecture. (a) The architecture of the proposed KineST model, whose main components are the temporal
flow module (TFM) and spatiotemporal kinematic flow module (SKFM). (b) The shared structure of the flow module used
in both TFM and SKFM, which comprises a bidirectional SSD block, a local motion aggregator (LMA), and a global motion
aggregator (GMA). (c) Temporal modeling within the TFM. (d) Kinematics-guided spatiotemporal modeling within the SKFM.

the SSD framework is denoted as follows:

yt =
t∑

i=0

CT
t A

X
t:iBixi,

y = SSM(A,B,C)(x) = Mx,

(1)

where AX
t:i denotes the product of A terms from i + 1 to t,

and M is defined as:Mji := C⊤
j Aj · · ·Ai+1Bi. When Ai is

reduced to a scalar, Eq.(1) can be reformulated as:

y = Mx = F ·
(
CT B

)
x,

whereFji =


AjAj−1 · · ·Ai+1 i < j

1 i = j

0 i > j

.
(2)

In SSD framework, the original time-series recurrence is
reformulated into an equivalent product-sum matrix form,
which can be efficiently parallelized by associative scan al-
gorithms (Smith, Warrington, and Linderman 2022; Martin
and Cundy 2017). In this work, we extend this scan mecha-
nism by embedding kinematic priors and bidirectional con-
straints to enhance realistic full-body pose reconstruction.

Method
Problem Formulation
The purpose of this task is to achieve realistic full-body mo-
tion prediction Y = {yi}Li=1 ∈ RL×V from sparse IMU
signals X = {xi}Li=1 ∈ RL×C captured from the head and
hands over L time frames, where C and V denote the in-
put and output dimensions, respectively. The ground-truth

full-body motion is denoted as Z = {zi}Li=1 ∈ RL×V . Fol-
lowing (Jiang et al. 2022a), each xi contains a 3D position,
6D rotation, linear velocity, and angular velocity for each of
the three tracked parts. We adopt pose parameters of the first
22 joints of the SMPL model (Loper et al. 2023) to represent
the output. As a result, the input and output dimensions are
C = 3× (3 + 6 + 3 + 6) and V = 22× 6.

Overall Architecture
The overall architecture of the proposed KineST model con-
sists of Temporal Flow Modules (TFMs) and Spatiotempo-
ral Kinematic Flow Modules (SKFMs), as shown in Fig. 2
(a). Given the sparse tracking signals X ∈ RL×C , we first
use a single linear layer to obtain embedded pose features
P0 ∈ RL×E . Here C and E represent the feature dimen-
sions of the original and embedded signals, respectively.
Subsequently, the P0 ∈ RL×E are processed through a
stack of N TFMs, producing deep temporal motion features
Tn ∈ RL×E at each stage, where n ∈ {1, 2, ..., N}. To
further learn kinematics-guided spatiotemporal information,
the output TN ∈ RL×E is passed through a sequence of
M SKFM blocks. The Sm is produced at each stage, where
m ∈ {1, 2, ...,M}. Finally, the full-body motion poses are
estimated by a linear regressor.

Temporal Flow Module
To learn inter-frame motion dynamics, we propose the Tem-
poral Flow Module (TFM) whose architecture is shown in
Fig. 2(b). It adopts a bidirectional SSD block (Bi-SSD) with
parallel forward and backward branches to enhance tem-
poral modeling. Each SSD block comprises layer normal-
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Figure 3: Comparison of different scanning strategies.

ization (LN), linear layers, convolutional layers, the SiLU
activation function, and the core state space model (SSM).
Given embedded features P0 ∈ RL×E , the forward branch
is formulated as:

X,B,C = SiLU(Conv(Linear(LN(P0)))),

A = Linear(LN(P0)),

f1 = SiLU(Linear(LN(P0))),

Ft
f = Linear(LN(f1 ⊙ SSM(X,A,B,C))),

(3)

where X, A, B and C denote the state vector, state transition
matrix, input matrix, and output matrix, respectively, while
f1 serves as an adaptive gating vector and F t

f represents for-
ward temporal motion features. The backward branch shares
the same structure, except that P0 is time-reversed to obtain
P flip
0 , passed through the same operations, and flipped back

to yield backward features F t
b . To enhance representation,

we further apply a Local Motion Aggregator (LMA) and a
Global Motion Aggregator (GMA) for modeling local de-
pendencies and global motion periodicity, respectively:

T1 = GMA(LMA(F t
f + F t

b )). (4)

LMA is implemented via convolution, while GMA uses a
lightweight transformer.

Spatiotemporal Kinematic Flow Module
To enhance inter-joint dependencies while preserving mo-
tion smoothness, we propose the Spatiotemporal Kinematic
Flow Module (SKFM), which performs kinematics-guided
spatiotemporal modeling. Specifically, a Kinematic Tree
Scanning Strategy (KTSS) is introduced to inject kinematic

Algorithm 1: Spatiotemporal Mixing Mechanism
Input: Final temporal motion features TN ∈ RL×E

Output: Final spatiotemporal motion features SM ∈ RL×E

1: for i in M do
2: if i = 0 then Sl ← Linear(TN )
3: else Sl ← Linear(Si)
4: end if
5: S′

l ← rearrange(Sl, L F → L (J D))
6: Sf , Sb ← KTSS(S′

l)
7: S′

f ← rearrange (Sf , L Jf D → (L Jf ) D)

8: S′
b ← rearrange (Sb, L Jb D → (L Jb) D)

9: S′′
f , S

′′
b ← Bi-SSD(S′

f , S
′
b)

10: Si+1 ← GMA(LMA(Linear(S′′
f + S′′

b )))
11: end for
12: return SM

priors into spatial feature extraction enhancing joint interac-
tions, while a Spatiotemporal Mixing Mechanism (STMM)
is incorporated to tightly couple spatial and temporal fea-
tures to balance pose accuracy and continuity. It is worth
noting that SKFM shares the same overall structure as TFM,
as shown in Fig. 2(b).

Kinematic Tree Scanning Strategy In the SMPL model,
the human skeleton is represented as a hierarchical structure
(Fig. 3 (a)), where a kinematic tree encodes the parent-child
relationship between joints. Such kinematic representations
are essential for realistic motion tracking and allow effi-
cient control over joint transformations. However, existing
methods overlook these important kinematic priors, leading
to suboptimal performance. In this paper, we leverage the
sequential nature of SSD, which allows each joint feature
to be inferred from the previous joint state. By reformulat-
ing the original unidirectional scan into a kinematics-guided
bidirectional scan, the interactions between the parent-child
joints are effectively captured, enabling features to flow for-
ward and backward along the kinematic hierarchy. Within
this design, we introduce two distinct scanning variants un-
der this framework for efficient full-body reconstruction.

First, we introduce the Five-branch Kinematic Scan
(FKS), which strictly follows the kinematic tree
structure, as shown in Fig. 3(c). The forward scan-
ning order is [0,1,4,7,10,0,2,5,8,11,0,3,6,9,13,16,18,20,
0,3,6,9,12,15,0,3,6,9,14,17,19,21]. Compare to the index-
order scan in SMPL (sequentially from 0 to 21), FKS allows
better perception of local kinematic dependencies. However,
its branch-wise design limits the model’s ability to capture
integral body movement dynamics (Table 4). To address
these issues, we propose the Unified Kinematic Scan (UKS),
as shown in Fig. 3(d). By positioning the root joint centrally,
UKS effectively couples upper and lower body motion,
enhancing global motion coherence and overall reconstruc-
tion robustness. The specific forward scanning order is
[21,19,17,14,15,12,20,18,16,13,9,6,3,0,1,4,7,10,2,5,8,11].
Therefore, the proposed KTSS mainly adopts UKS to more
effectively capture full-body joint dependencies.
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Spatiotemporal Mixing Mechanism To capture inter-
joint relations and maintain smoothness over frames, the
Spatiotemporal Mixing Mechanism (STMM) is employed
through mixed spatiotemporal representation learning. The
process of STMM is presented in Algorithm 1. Specially, we
start from the final temporal motion features TN ∈ RL×E ,
which are projected into a latent joint space Sl ∈ RL×H and
then reshaped into detailed joint features S′

l ∈ RL×J×D,
where H = J×D. Following KTSS, the joints are reordered
along both forward and backward directions to align features
according to the kinematic chain, resulting in two new ten-
sors: Sf ∈ RL×Jf×D and Sb ∈ RL×Jb×D, where Jf and Jb
denote the forward and backward joint sequences, respec-
tively. To perceive spatial and temporal features simultane-
ously, we rearrange the sequence and joint dimensions into
a unified axis, obtaining two mixed tensors: S′

f ∈ R(LJf )×D

and S′
b ∈ R(LJb)×D. These tensors are then processed by the

Bi-SSD to enhance spatiotemporal dependencies. Finally,
the bidirectional features are summed and linearly projected,
followed by sequential aggregation via LMA and GMA, to
produce the refined spatiotemporal features S1 ∈ RL×E .
After M iterations of processing, the final spatiotemporal
motion features SM ∈ RL×E are obtained, preparing for
regression.

Loss Function
We retain two commonly used supervision terms, the L1 loss
on body orientation and the L1 loss on joint rotations (Jiang
et al. 2022a). To further enhance motion continuity, a ge-
ometric angular velocity loss Lgeo

angvel is proposed to physi-
cally capture the true geometric relationship between rota-
tions. Unlike existing works (Barquero et al. 2025; Aliak-
barian et al. 2023) estimating angular velocity by applying
first-order finite differences to rotation representations, we
compute angular velocity within its tangent space, namely
the Lie algebra so(3) (Murray, Li, and Sastry 2017).

Specifically, we begin by defining the angular velocity at
time t as the geodesic rotational difference between two con-
secutive frames, formulated as Vt = R−1

t−1Rt. Here, Rt is
the rotation matrix derived from zt via Gram-Schmidt or-
thogonalization. To accurately measure the difference be-
tween two angular velocities, we impose constraints from
two perspectives: rotational magnitude and rotational direc-
tion. The rotational magnitude is measured using a natu-
ral Riemannian metric defined on the compact Lie group
SO(3), while the rotational direction is extracted from the
skew-symmetric part of the relative rotation matrix. Each
relative rotation is eventually mapped to its corresponding
axis-angle representation, and the formulation is defined as
follows:

θV = arccos

(
Tr(V )− 1

2

)
,

log V = θV ·
1

2 sin θV

[
V32 − V23

V13 − V31

V21 − V12

]
,

Lgeo
angvel =

T−1∑
t=1

∥∥∥log(Vt)− log(V̂t)
∥∥∥
1
.

(5)

Here, Vt denotes the GT angular velocity at frame t, V̂t rep-
resents the corresponding predicted angular velocity com-
puted from yt, θV denotes the rotational magnitude of V .

In summary, the final loss function is defined as:

L = αLrot + βLori + δLgeo
angvel.

The weights for each component are empirically set to α =
1, β = 0.02, and δ = 1, respectively.

Experiments
Dataset and Implementation Details
Our method is trained and evaluated on the AMASS (Mah-
mood et al. 2019) and a real-captured dataset (Zheng et al.
2023), both represented using SMPL parameters. The TFMs
and SKFMs each contain 2 modules, with an embedded fea-
ture dimension E = 256. The number of full-body joints
J is 22, each with a latent dimension D = 64, and the in-
put sequence length L = 96. Training is conducted on an
NVIDIA 4090 with a batch size of 256. We adopt the Adam
optimizer (Kingma 2014) with a learning rate of 3e-4 (de-
cayed to 3e-5 after 200000 iterations) and a weight decay of
1e-5. Inference is efficient, requiring only 12.9 ms to process
96 frames on the same GPU.

Evaluation Metrics
Following (Du et al. 2023), we assess model performance
across three distinct metric categories. The first category
measures rotational accuracy and is represented by the Mean
Per Joint Rotation Error (MPJRE) [degrees]. The second cat-
egory focuses on motion smoothness, which includes the
Mean Per Joint Velocity Error (MPJVE) [cm/s] and Jitter
(102m/s3) (Yi et al. 2022). The third category evaluates po-
sitional accuracy and includes the Mean Per Joint Position
Error (MPJPE) [cm], Root PE, Hand PE, Upper PE, and
Lower PE.

Evaluation Results
We follow the recent common practice (Dai et al. 2024a;
Barquero et al. 2025) of using AMASS dataset with two dif-
ferent protocols. In the first protocol, the subsets of the
AMASS dataset, including CMU (Carnegie Mellon Uni-
versity 2000), BMLrub (Troje 2002) and HDM05 (Müller
et al. 2007), are split into 90% training data and 10% test-
ing data. In the second protocol, a larger benchmark from
AMASS (Mahmood et al. 2019) is utilized, including 12
subsets for training and the HumanEva (Sigal, Balan, and
Black 2010) and the Transition (Mahmood et al. 2019) sub-
sets for testing. To further assess the real-world applicability
of our method, we introduce a third protocol, where the
model is evaluated on real headset-and-controller data col-
lected by AvatarJLM (Zheng et al. 2023) in an online setting,
and the training setup remains consistent with Protocol 2.

Quantitative Evaluation As shown in Table 1, Table 2,
and Table 3, our method achieves the best overall perfor-
mance compared to existing approaches, demonstrating both
high accuracy and robustness across key metrics. Specif-
ically, in Table 1, KineST achieves a 2.59% reduction in
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Method MPJRE↓ MPJPE↓ MPJVE↓ Hand PE↓ Upper PE↓ Lower PE↓ Root PE↓ Jitter↓ Param.
AvatarPoser (Jiang et al. 2022a) 3.08 4.18 27.70 2.12 1.81 7.59 3.34 14.49 4M
AvatarJLM (Zheng et al. 2023) 2.90 3.35 20.79 1.24 1.72 6.20 2.94 8.39 63M
AGRoL (Du et al. 2023) 2.66 3.71 18.59 1.31 1.55 6.84 3.36 7.26 7M
SAGE (Feng et al. 2024) 2.53 3.28 20.62 1.18 1.39 6.01 2.95 6.55 137M
HMD-Poser* (Dai et al. 2024a) 2.32 3.15 18.15 1.35 1.34 5.76 2.76 6.21 17M
MMD (Dong et al. 2024) 2.31 3.22 17.88 0.94 1.29 6.01 2.88 7.39 14M
RPM* (Barquero et al. 2025) 3.69 4.88 21.99 5.90 2.94 7.69 4.01 4.43 9M
KineST (Ours) 2.25 2.86 15.26 1.04 1.24 5.20 2.65 5.97 11M
GT 0 0 0 0 0 0 0 4.00 ——

Table 1: Evaluation results on three subsets of AMASS under Protocol 1. The best results are in bold, and the second-best
results are underlined. For fair comparison, HMD-Poser and RPM are retrained using their public code, as they originally use
different body shape parameters or FPS, and are denoted with *.

Figure 4: Visualization results of different actions compared with other methods. The joint error degrees are indicated by red
shading, allowing a comparative assessment of reconstruction accuracy across various poses for each method. These visuals
confirm the robustness and enhancements of the proposed model, particularly in lower body predictions.

Method MPJRE↓ MPJPE↓ MPJVE↓ Jitter↓
AvatarPoser 4.70 6.38 34.05 10.21
AvatarJLM 4.30 4.93 26.17 7.19
AGRoL 4.30 6.17 24.40 8.32
SAGE 4.62 5.86 33.54 7.13
HMD-Poser* 4.36 5.60 29.32 7.46
RPM* 5.37 7.19 29.27 3.48
KineST (Ours) 4.28 5.17 24.08 7.36
GT 0 0 0 2.93

Table 2: Evaluation results on AMASS under Protocol 2.

MPJRE, an 11.18% decrease in MPJPE, and a 14.65% im-
provement in MPJVE compared to MMD. Furthermore,
as shown in Table 2, KineST achieves the lowest MPJRE
and MPJVE, indicating its ability to construct precise and
smooth motions in various actions. Although RPM achieves
the best result in jitter, it exhibits significantly reduced pose
accuracy. Notably, in Table 2, AvatarJLM achieves compet-
itive MPJPE, and SAGE reports slightly lower jitter. How-
ever, they both rely on complex architectures with large pa-
rameter counts (63M and 137M respectively), which lim-
its their practicality for lightweight AR/VR deployment. As
shown in Table 3, our method outperforms all other methods
across all metrics, demonstrating the practical applicability
in real-world scenarios.

Method MPJRE↓ MPJPE↓ MPJVE↓ Jitter↓
AvatarPoser 7.28 11.22 31.67 12.87
AvatarJLM 7.01 9.72 27.59 13.10
KineST (Ours) 6.91 9.68 25.16 9.49

Table 3: Evaluation results on the real-captured data under
Protocol 3.

Qualitative Evaluation Visualization results are pre-
sented in Figure 4 and Figure 5. In Figure 4, we compare the
reconstruction errors of a single pose with other SOTA meth-
ods. In Figure 5, continuous motion sequence results are
shown, with samples taken every 120 frames. The visualiza-
tion results demonstrate that the proposed method achieves
performance closest to the ground truth (GT).

Ablation Study
In this section, the ablation studies are conducted on the
AMASS dataset following the protocol 1 setting to verify
the impact of each component and parameter in our designed
model. The results are shown in Table 4-6.

Effects of different scanning strategies We compare
three distinct strategies, including the index-order scan in
SMPL, which sequentially scans from index 0 to 21, and the
two proposed kinematics-guided bidirectional scans, FKS
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Figure 5: Visualization results of continuous pose sequences compared with other methods. The visualization illustrates that
the proposed model delivers smoother and more realistic body motion tracking. Notably, the proposed model provides refined
reconstruction highlighted by red dashed boxes.

Method MPJRE↓ MPJPE↓ MPJVE↓ Jitter↓
Index-order in SMPL 2.32 3.11 17.81 8.27
FKS (Ours) 2.28 3.00 16.25 7.01
UKS (Ours) 2.25 2.86 15.26 5.97

Table 4: Evaluating the effect of different scanning strate-
gies.

and UKS. As shown in Table 4, by embedding kinematic pri-
ors, FKS and UKS can effectively improve performance in
joint relationship extraction. Additionally, due to the branch-
wise design that harms the integrity of the human body, FKS
cannot achieve better motion smoothness compared to UKS.

Effects of different modeling mechanisms in SKFM To
evaluate the effectiveness of the proposed STMM in SKFM,
we compare it with two other modeling mechanisms: pure
temporal modeling and pure spatial modeling. Note that
prior works have adopted two representative types of pure
spatial modeling. One approach adopts a holistic model-
ing method that processes the concatenated features of all
joints as a whole (Dong et al. 2024), while the other fol-
lows a token-wise method that treats each of the 22 joints
as an independent token to extract spatial features (Zheng
et al. 2023; Dai et al. 2024a). As shown in Table 5, the pro-
posed STMM achieves a favorable balance between pose ac-
curacy and motion smoothness compared to the other meth-
ods. While the token-wise spatial modeling yields the lowest
MPJRE, independently extracting features for each joint in-
evitably overlooks the temporal continuity.

Effects of the loss function We employ three distinct loss
functions to train KineST. Since Lrot and Lori are validated
in previous works (Jiang et al. 2022a; Zheng et al. 2023), we
take them as the baseline and focus on assessing the role
of the proposed geometric angular velocity loss Lgeo

angvel.
Unlike calculating angular velocity using first-order finite
differences (Ldiff

angvel) (Barquero et al. 2025), our proposed

Method MPJRE↓ MPJPE↓ MPJVE↓ Jitter↓
Pure Temporal 2.27 2.97 16.84 7.83
Pure Spatial (holistic) 2.41 3.10 16.77 7.72
Pure Spatial (token-wise) 2.23 2.93 17.85 9.31
STMM (Ours) 2.25 2.86 15.26 5.97

Table 5: Evaluating the effect of different modeling mecha-
nisms in SKFM.

Method MPJRE↓ MPJPE↓ MPJVE↓ Jitter↓
Baseline 2.25 2.87 16.10 6.75
with Ldiff

angvel 2.29 3.03 15.91 6.44
with Lgeo

angvel(Ours) 2.25 2.86 15.26 5.97

Table 6: Evaluating the effect of the loss function.

Lgeo
angvel operates it on the Lie group SO(3) in a geomet-

rically consistent manner. As shown in Table 6, although
Ldiff
angvel helps reduce MPJVE and Jitter, it significantly in-

creases the errors in rotation and position. In contrast, the
proposed Lgeo

angvel achieves smoother motion while preserv-
ing the performance on MPJRE and MPJPE, ensuring a
good balance between accuracy and smoothness.

Conclusion
A novel kinematics-guided state space model, KineST, is
proposed for full-body motion tracking from sparse sig-
nals, which mainly relies on two key innovations, the
kinematics-guided bidirectional scanning strategy and the
mixed spatiotemporal representation learning mechanism.
To further improve motion continuity, a geometric angu-
lar velocity loss is designed to regulate rotational varia-
tions in manifold space. Extensive experiments show that
KineST achieves superior accuracy and temporal consis-
tency within a lightweight framework. We believe that the
proposed model can significantly contribute to an immersive
and seamless user experience in AR/VR applications.

13250



Acknowledgments
This work was partly supported by the National Nat-
ural Science Foundation of China (Grant No.82472116)
and the Natural Science Foundation of Shanghai (Grant
No.24ZR1404100).

References
Aliakbarian, S.; Cameron, P.; Bogo, F.; Fitzgibbon, A.; and
Cashman, T. J. 2022. Flag: Flow-based 3d avatar generation
from sparse observations. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
13253–13262.
Aliakbarian, S.; Saleh, F.; Collier, D.; Cameron, P.; and
Cosker, D. 2023. Hmd-nemo: Online 3d avatar motion gen-
eration from sparse observations. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
9622–9631.
Barquero, G.; Bertsch, N.; Marramreddy, M.; Chacón, C.;
Arcadu, F.; Rigual, F.; He, N. S.; Palmero, C.; Escalera, S.;
Ye, Y.; et al. 2025. From Sparse Signal to Smooth Mo-
tion: Real-Time Motion Generation with Rolling Prediction
Models. In Proceedings of the Computer Vision and Pattern
Recognition Conference, 1850–1860.
Carnegie Mellon University. 2000. Cmu graphics lab motion
capture database.
Dai, P.; Zhang, Y.; Liu, T.; Fan, Z.; Du, T.; Su, Z.; Zheng,
X.; and Li, Z. 2024a. Hmd-poser: On-device real-time hu-
man motion tracking from scalable sparse observations. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, 874–884.
Dai, X.; Zhang, X.; Li, S.; and Chen, X. 2024b. Enhancing
Motion Reconstruction From Sparse Tracking Inputs With
Kinematic Constraints. IEEE Transactions on Automation
Science and Engineering.
Dai, X.; Zhang, Z.; Zhao, S.; Liu, X.; and Chen, X. 2024c.
Full-body pose reconstruction and correction in virtual real-
ity for rehabilitation training. Frontiers in Neuroscience, 18:
1388742.
Dao, T.; and Gu, A. 2024. Transformers are SSMs: General-
ized models and efficient algorithms through structured state
space duality. arXiv preprint arXiv:2405.21060.
Dittadi, A.; Dziadzio, S.; Cosker, D.; Lundell, B.; Cashman,
T. J.; and Shotton, J. 2021. Full-body motion from a single
head-mounted device: Generating smpl poses from partial
observations. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, 11687–11697.
Dong, K.; Xue, J.; Niu, Z.; Lan, X.; Lu, K.; Liu, Q.; and Qin,
X. 2024. Realistic full-body motion generation from sparse
tracking with state space model. In Proceedings of the 32nd
ACM International Conference on Multimedia, 4024–4033.
Du, Y.; Kips, R.; Pumarola, A.; Starke, S.; Thabet, A.; and
Sanakoyeu, A. 2023. Avatars grow legs: Generating smooth
human motion from sparse tracking inputs with diffusion
model. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 481–490.

Feng, H.; Ma, W.; Gao, Q.; Zheng, X.; Xue, N.; and Xu,
H. 2024. Stratified Avatar Generation from Sparse Obser-
vations. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 153–163.
Feng, R.; Gao, Y.; Tse, T. H. E.; Ma, X.; and Chang,
H. J. 2023. Diffpose: Spatiotemporal diffusion model for
video-based human pose estimation. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
14861–14872.
He, T.; Luo, Z.; Xiao, W.; Zhang, C.; Kitani, K.; Liu,
C.; and Shi, G. 2024. Learning human-to-humanoid
real-time whole-body teleoperation. arXiv preprint
arXiv:2403.04436.
Huang, Y.; Kaufmann, M.; Aksan, E.; Black, M. J.; Hilliges,
O.; and Pons-Moll, G. 2018. Deep inertial poser: Learning to
reconstruct human pose from sparse inertial measurements
in real time. ACM Transactions on Graphics (TOG), 37(6):
1–15.
Jiang, J.; Streli, P.; Qiu, H.; Fender, A.; Laich, L.; Snape, P.;
and Holz, C. 2022a. Avatarposer: Articulated full-body pose
tracking from sparse motion sensing. In European confer-
ence on computer vision, 443–460. Springer.
Jiang, Y.; Ye, Y.; Gopinath, D.; Won, J.; Winkler, A. W.;
and Liu, C. K. 2022b. Transformer inertial poser: Real-time
human motion reconstruction from sparse imus with simul-
taneous terrain generation. In SIGGRAPH Asia 2022 Con-
ference Papers, 1–9.
Jiao, Y.; Wang, Z.; Wu, S.; Fan, S.; Liu, Z.; Xu, Z.; and Wu,
Z. 2025. Spatiotemporal learning for human pose estimation
in sparsely-labeled videos. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, volume 39, 4093–4101.
Kingma, D. P. 2014. Adam: A method for stochastic opti-
mization. arXiv preprint arXiv:1412.6980.
Loper, M.; Mahmood, N.; Romero, J.; Pons-Moll, G.; and
Black, M. J. 2023. SMPL: A skinned multi-person linear
model. In Seminal Graphics Papers: Pushing the Bound-
aries, Volume 2, 851–866.
Mahmood, N.; Ghorbani, N.; Troje, N. F.; Pons-Moll, G.;
and Black, M. J. 2019. AMASS: Archive of motion capture
as surface shapes. In Proceedings of the IEEE/CVF interna-
tional conference on computer vision, 5442–5451.
Martin, E.; and Cundy, C. 2017. Parallelizing linear re-
current neural nets over sequence length. arXiv preprint
arXiv:1709.04057.
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