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Abstract

Current state-of-the-art (SOTA) methods in 3D Human Pose
Estimation (HPE) are primarily based on Transformers. How-
ever, existing Transformer-based 3D HPE backbones often
encounter a trade-off between accuracy and computational
efficiency. To resolve the above dilemma, in this work, we
leverage recent advances in state space models and utilize
Mamba for high-quality and efficient long-range modeling.
Nonetheless, Mamba still faces challenges in precisely ex-
ploiting local dependencies between joints. To address these
issues, we propose a new attention-free hybrid spatiotempo-
ral architecture named Hybrid Mamba-GCN (Pose Magic).
This architecture introduces local enhancement with GCN by
capturing relationships between neighboring joints, thus pro-
ducing new representations to complement Mamba’s outputs.
By adaptively fusing representations from Mamba and GCN,
Pose Magic demonstrates superior capability in learning the
underlying 3D structure. To meet the requirements of real-
time inference, we also provide a fully causal version. Exten-
sive experiments show that Pose Magic achieves new SOTA
results (↓ 0.9mm) while saving 74.1% FLOPs. In addition,
Pose Magic exhibits optimal motion consistency and the abil-
ity to generalize to unseen sequence lengths.

Introduction
Monocular 3D Human Pose Estimation (HPE) aims to cap-
ture positions of joints on the human skeleton in 3D space
from images or videos. It is widely applied in action recogni-
tion (Peng et al. 2024), action correction and online coaching
(Dittakavi et al. 2022), and augmented/virtual reality (Yuan
et al. 2023). With these extensive applications, the demand
for more accurate, computationally efficient and temporally
consistent models continues to grow.

Impressive progress has been made in monocular 3D HPE
(Zhu et al. 2023; Mehraban, Adeli, and Taati 2024). But it
inherently remains an ill-posed problem due to depth am-
biguity. To mitigate this issue in a single frame, some ef-
forts have been made to comprehensively exploit the spa-
tial and temporal relationships between joints contained in
the input video. Current state-of-the-art (SOTA) methods (Li
et al. 2022a,b; Zhang et al. 2022; Zhu et al. 2023) use Trans-
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Figure 1: Comparisons of transformer-based methods on
Human3.6M (↓). FLOPs/frame denotes floating point opera-
tions per output frame. The proposed Pose Magic attains su-
perior results, while maintaining computational efficiency.

formers (Vaswani et al. 2017) to capture spatiotemporal in-
formation from 2D pose sequences. Their outstanding per-
formance is largely attributed to the powerful self-attention
mechanism and the ability to capture long-range depen-
dencies. However, despite the long-range receptive field,
Transformer-based methods have high computational com-
plexity (quadratic growth with the number of frames), mak-
ing it challenging to deploy on devices with limited compu-
tational resources. Moreover, employing efficient techniques
such as token pruning (Ma et al. 2022; Li et al. 2023b) for
3D HPE often sacrifices a globally effective receptive field.
These methods do not inherently resolve the trade-off be-
tween accuracy and computational efficiency.

Recently, achievements in State Space Models (SSMs),
particularly Mamba (Gu and Dao 2023; Liu et al. 2024; Zhu
et al. 2024), have established them as an efficient and ef-
fective backbone for building deep networks. To address the
above issue, we propose a novel attention-free spatiotem-
poral architecture. Specifically, both spatial and temporal
Mamba blocks are included, which effectively learn rich
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spatiotemporal features. This new attention-free structure in-
herits the computational efficiency advantages of Mamba.
Additionally, due to Mamba’s inherent continuous-time for-
mulation, the consistency and smoothness in pose estimation
over time are improved.

However, standard Mamba still primarily accommodates
long-range dependencies and pays less attention to local de-
pendencies, which is detrimental to capturing human mo-
tion. Human movement inherently comprises local spatial
and temporal dependencies (Mehraban, Adeli, and Taati
2024). To address the above challenge, we propose a hybrid
spatiotemporal architecture combining Mamba and Graph
Convolutional Networks (GCNs) (Kipf and Welling 2016),
named Hybrid Mamba-GCN (Pose Magic), to learn 3D
pose representations from global to local. Specifically, Pose
Magic consists of two streams: the Mamba stream and the
GCN stream, which learn global and local information, re-
spectively. In the GCN stream, GCN sequentially learns spa-
tial and temporal relationships similar to the Mamba stream.
We then employ adaptive fusion to aggregate features from
both Mamba and GCN streams. By doing so, we ensure a
balanced and comprehensive representation of human mo-
tion, thereby improving the accuracy of 3D HPE. Addition-
ally, GCN has lower computational complexity, making our
model still computationally efficient, as shown in Fig.1. We
also introduce a fully causal version of Pose Magic, de-
signed to predict each current timestep using only past and
present frames, without forecasting future frames. This is
crucial for real-time applications.

In summary, our main contributions are as follows:

• We propose a novel attention-free hybrid network, Pose
Magic. It leverages Mamba for high-quality and effi-
cient long-range modeling. Additionally, GCN is utilized
to enhance Mamba’s performance by effectively capture
local dependencies between joints. To the best of our
knowledge, this is the first attempt to apply Mamba to
3D HPE tasks.

• We propose two versions of Pose Magic, achieved by
designing the Bidirectional Magic Block and Unidirec-
tional (causal) Magic Block, corresponding to offline and
real-time inference, respectively.

• Extensive experiments on two popular benchmarks
demonstrate that Pose Magic achieves state-of-the-art re-
sults while maintaining efficiency with fewer parameters
and lower computational complexity.

• Pose Magic can model the natural smoothness of human
motion, achieving optimal motion consistency and gen-
eralizing well to unseen sequence lengths.

Related Work
3D Human Pose Estimation
Based on the number of camera views used, 3D HPE can
be categorized into monocular (Li et al. 2022b; Zhang et al.
2022; Zhu et al. 2023) and multi-view methods (Qiu et al.
2019; Zhang et al. 2024b,a). Due to the accessibility of a sin-
gle camera in real-world scenarios, more attention has been
paid to monocular 3D HPE, i.e., estimating 3D human pose

from monocular images or videos. Mainstream monocular
3D HPE methods follow a two-stage paradigm. First, a plug-
and-play 2D pose detector (Newell, Yang, and Deng 2016;
Chen et al. 2018) is used to locate the 2D positions of joints.
Then, the 2D pose is lifted to the 3D pose. In this work, we
focus on the latter challenging step, known as the 2D-to-3D
lifting process, following Zhu et al. (2023); Mondal, Alletto,
and Tome (2024).

Transformer-based Methods for 3D HPE
Numerous studies have demonstrated Transformer (Vaswani
et al. 2017) exhibits superior performance in 3D HPE. Pose-
Former (Zheng et al. 2021) is the first purely Transformer-
based model, utilizing a spatial-temporal transformer to
model joint relationships within each frame as well as tem-
poral associations across frames. Subsequently, many stud-
ies have focused on enhancing spatiotemporal feature en-
coding. MixSTE (Zhang et al. 2022) proposed learning dis-
tinct motion trajectories for each joint. HSTFormer (Qian
et al. 2023) introduced a hierarchical Transformer encoder
to capture multi-level spatiotemporal correlations from local
to global. MotionBERT (Zhu et al. 2023) presented a dual-
stream spatiotemporal Transformer that separately attends to
long-range spatiotemporal relationships between stable and
dynamic joints. To overcome self-occlusion and depth am-
biguity, MHFormer (Li et al. 2022b) learned spatiotemporal
multi-hypothesis representations through Transformers.

However, performance gains come with significant com-
putational overhead. Consequently, researchers have begun
exploring efficient methods. Strided (Li et al. 2022a) de-
signed a cross-row Transformer encoder to aggregate redun-
dant sequences, while Shan et al. (2022); Zeng et al. (2022a);
Einfalt, Ludwig, and Lienhart (2023) improved efficiency
by uniform sampling of video sequences. In terms of to-
ken pruning, PPT (Ma et al. 2022) selected important tokens
based on attention scores. TCFormer (Zeng et al. 2022b)
proposed a token clustering Transformer to merge tokens. In
contrast to spatial reduction methods, Hourglass Tokenizer
(Li et al. 2023b) selected representative frame tokens in the
temporal domain. However, these methods may sacrifice ac-
curacy as they lose contextual cues.

State Space Models
Recent studies (Gu, Goel, and Ré 2021; Gu et al. 2022;
Gupta, Gu, and Berant 2022; Smith, Warrington, and Lin-
derman 2022) have explored SSMs as an effective alterna-
tive to Transformers for efficient modeling. For instance, Gu,
Goel, and Ré (2021); Gu et al. (2022) proposed the S4 model
and its diagonal version S4D, addressing issues of compu-
tational efficiency and long sequence dependencies. How-
ever, these models process all inputs in the same manner,
which limits their data modeling capabilities. To enhance
content-awareness, Mamba (Gu and Dao 2023) integrated
time-varying parameters into the SSM framework and pro-
posed a hardware-aware algorithm for efficient training and
inference. Some researchers have applied SSMs to computer
vision tasks. Vim (Zhu et al. 2024) introduced a bidirectional
SSM block (Wang et al. 2022) for efficient and versatile vi-
sual representation, achieving performance comparable to
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ViT (Dosovitskiy et al. 2020). Mondal, Alletto, and Tome
(2024) applied S4D to accelerate training and real-time in-
ference in 3D HPE, albeit at the cost of sacrificing accuracy.
In this work, we explore adapting Mamba to 3D HPE, effec-
tively achieving a balance between accuracy and efficiency.

Graph Convolutional Networks
Human motion inherently involves local spatial and tempo-
ral dependencies (Mehraban, Adeli, and Taati 2024). There-
fore, it is crucial to model local dependencies. GCNs are
computational efficient networks that specialize in local de-
pendencies, achieving notable success in 3D HPE (Ci et al.
2019; Zhao et al. 2019; Yu et al. 2023). GLA-GCN (Yu et al.
2023) used global spatiotemporal representation and local
joint representation to achieve a lower memory load while
maintaining accuracy. MotionAGFormer (Mehraban, Adeli,
and Taati 2024) integrated local spatial and temporal rela-
tionships using GCNs to complement the global informa-
tion extracted by Transformers. However, existing methods
do not consider temporal causality, which is impractical for
real-time applications. In this work, we introduce local en-
hancement with GCN to complement the global outputs of
Mamba. On this basis, we explore causal GCN methods by
designing causal adjacency matrices.

Method
Preliminaries
Selective Structured State Space Models. SSMs (Gu,
Goel, and Ré 2021; Gu and Dao 2023) define a continuous
system that maps a 1D sequence x(t) ∈ R to y(t) ∈ R
through implicit latent states h(t) ∈ RN . This process is
described by ordinary differential equations as follows:

h′(t) = Ah(t) +Bx(t),

y(t) = Ch(t),
(1)

where A, B and C are learned matrices. Instead of directly
initializing A randomly, a popular strategy is to impose a
diagonal structure on A (Gu et al. 2022; Gupta, Gu, and
Berant 2022; Smith, Warrington, and Linderman 2022).

To enhance computational efficiency, it is necessary to
discretize continuous variables A and B. The choice of dis-
cretization criteria is varied, with Zero-Order Hold (Iserles
2009) being a common approach.

A = exp(∆A) B = (∆A)−1(exp(∆A)−I)·∆B, (2)

where ∆ represents the step size, and I is the identity matrix.
Thus, the discrete version of Eq.(1) can be written as:

ht = Aht−1 +Bxt

yt = Cht.
(3)

This Linear Time-Invariant (LTI) discrete system allows effi-
cient computation in recursive or convolution forms, scaling
linearly or near-linearly with sequence lengths.

However, the selective state space model Mamba (Gu and
Dao 2023) highlights that LTI limits the model’s ability in
data modeling. This is because matrices in SSMs remain un-
changed regardless of input, thereby lacking content-based

inference capabilities. Therefore, Mamba removes the con-
straint of LTI and introduces time-varying parameters, i.e.,

B = LinearN (x),C = LinearN (x),

∆=softplus(Parameter+BroadcastD(Linear1(x))),
(4)

where Lineard is a parameterized projection layer projecting
to dimension d, and softplus is an activation function.

However, the absence of LTI leads to a loss of equiva-
lence with convolution, affecting training efficiency. To ad-
dress this issue, Mamba introduces a hardware-aware algo-
rithm, enabling parallelization. As a result, Mamba enables
high-quality and efficient long-sequence dynamic modeling.

Graph Convolutional Networks. Unlike Mamba captur-
ing global information, GCNs (Kipf and Welling 2016) ex-
cel at aggregating local dependencies. A widely used GCN
module (Luo et al. 2022) is defined as:

GCN(x)=σ
(
x+Norm

(
D̃− 1

2 ÃD̃− 1
2xW1+xW2

))
, (5)

where Ã = A+I represents the adjacency matrix with self-
connections added. D̃ii = ΣjÃij represents the summation
of Ã along its diagonal. W1 and W2 are trainable weight ma-
trices. Norm(·) and σ(·) denote Batch Normalization (Ioffe
and Szegedy 2015) and ReLU activation function (Glorot,
Bordes, and Bengio 2011), respectively.

The key to GCNs lies in constructing the adjacency matrix
Ã, which should be customized based on specific tasks.

Overall Architecture
To accurately lift 2D skeleton sequences to 3D pose se-
quences in a monocular setup, we propose the attention-free
architecture Pose Magic. It employs Mamba and GCN to lift
motion sequences, as shown in Fig.2.

Formally, given a monocular video of 2D joints with con-
fidence scores X2D ∈ RT×J×3, our goal is to predict 3D
positions X̂3D ∈ RT×J×3. Here, T and J are the num-
ber of frames and joints, respectively. First, a linear projec-
tion layer is used to map each joint in every frame to a d-
dimensional feature X(0) ∈ RT×J×d. Then, positional em-
bedding Ppos ∈ RT×J×d is added. Next, N Magic Blocks
effectively capture 3D structure of the skeleton sequence by
computing X(i) ∈ RT×J×d(i = 1, . . . , N). Subsequently,
X(N) is mapped to a higher dimension M ∈ RT×J×d′

us-
ing a linear layer and a tanh activation. Finally, a regression
head is employed to output the 3D pose X̂3D ∈ RT×J×3.

To ensure the temporal smoothness of the predicted 3D
poses, we use a positional loss L3D and a velocity loss Lv

for supervision, i.e.,

L = L3D + λLv, (6)

where L3D=
T∑

t=1

J∑
j=1

∥X̂3D
t,j −X3D

t,j ∥, Lv=
T∑

t=2

J∑
j=1

∥∆X̂3D
t,j −

∆X3D
t,j ∥. ∆X̂3D

t =X̂3D
t −X̂3D

t−1 and ∆X3D
t = X3D

t −X3D
t−1.

λ is a balancing constant.
In the subsequent sections, we present the general archi-

tectures of bidirectional and unidirectional (causal) Magic
Blocks, showing how to capture spatiotemporal information.
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Figure 2: Overview of Pose Magic. It consists of N dual-
stream Magic Blocks, with GCN capturing local informa-
tion and Mamba capturing global information. Spatial GC-
N/Mamba models connections among joints within a frame,
while the Temporal one tracks each joint’s motion over time.

Bidirectional Magic Block
As shown in Fig.2, Magic Block comprises two streams:
Mamba stream and GCN stream. Mamba stream leverages
its high-quality and efficient long-range modeling capa-
bilities to capture global dependencies. Meanwhile, GCN
stream enhances the power of Mamba by effectively captur-
ing local dependencies between joints. This dual-stream ar-
chitecture ensures comprehensive and accurate 3D pose es-
timation. Specifically, Spatial Mamba/GCN treats different
joints as individual tokens, effectively capturing the struc-
tural relationships of joints within a frame. Temporal Mam-
ba/GCN considers each frame as a single token, thereby cap-
turing the motion trajectory of joints over time. Finally, fea-
tures captured by both streams are adaptively fused.

Mamba Stream. To bidirectionally capture spatiotempo-
ral information, we adopt the structure of Zhu et al. (2024),
as shown in Fig.3(a). This stream has three parallel process-
ing paths: forward, backward, and independent.

Formally, given an input X ∈ RB×L×d, where B is the
batch size, L is the length of the sequence and d is the dimen-
sion. First, information is processed forward and backward
along the sequence dimension, respectively:

Xf = SSMf (σ(Norml(X)Wp1Wf )), (7)
Xb = flip(SSMb(σ(flip(Norml(X)Wp1)Wb))). (8)

(a) Bidirectional Mamba (b) Unidirectional Mamba

Figure 3: Different Mamba structures. (a) Bidirectional: pro-
cess information forward, backward and independently. (b)
Unidirectional: process information forward and indepen-
dently. Here, current information only relates to present and
past data, making it suitable for real-time applications.

The final path processes information independently:

Xi = σ(Norml(X)Wp2), (9)

where Norml(·) represents Layer Normalization, σ(·) is the
GELU activation function (Hendrycks and Gimpel 2016),
and flip(·) indicates flipping along the sequence dimension.
Wp1,Wp2,Wf ,Wb ∈ Rd×d are learnable matrices.

Next, information from the forward, backward and inde-
pendent paths is aggregated via multiplicative gating:

Xa = Xf ⊙Xi +Xb ⊙Xi, (10)

where ⊙ denotes a Hadamard Product.
Finally, a skip connection is added to compute the output:

XM = X +XaWp3, (11)

where Wp3 ∈ Rd×d is a learnable matrix.
GCN Stream. Unlike Mamba stream aggregating global

information, GCN stream focuses on local spatial and tem-
poral relationships to incorporate pose-specific priors. Our
GCN structure is shown in Fig.4(a). Given X ∈ RB×L×d,
the output XG is obtained by

X ′
G = X +GCN(Norm(X)),

XG = X ′
G +MLP(Norm(X ′

G)),
(12)

where GCN(·) is defined in Eq.(5).
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(a) GCN (b) Spatial GCN

(c) Adjacency matrix in Temporal GCN

Figure 4: (a) GCN structure. (b) Spatial GCN uses the Hu-
man3.6M skeleton as the adjacency matrix. (c) Temporal
GCN uses K-NN for connection edges based on joint sim-
ilarity across frames. After K-NN, each row connects to K
columns. Top: bidirectional adjacency matrix. Bottom: uni-
directional adjacency matrix: K-NN after a causal mask.

As mentioned in Preliminaries, adjacency matrices in
GCNs should be customized based on specific requirements.
In Spatial GCN, joint topology is chosen as the adjacency
matrix (Fig.4(b)). For Temporal GCN, we first calculate the
similarity of individual joints across different frames:

Sim(Xti , Xtj ) = (Xti)
TXtj . (13)

Then, k nearest neighbors are selected as connected nodes
in the temporal graph (Fig.4(c)). In a bidirectional setup, the
model can access information from the entire sequence, thus
a node at a certain frame may relate to past frames as well
as future frames.

Adaptive Fusion. Following Mehraban, Adeli, and Taati
(2024), we employ adaptive fusion to aggregate features ex-

tracted from Mamba and GCN streams:

X(i) = αM (i)⊙XM (i− 1) + αG(i)⊙XG(i− 1),

αM (i), αG(i)=softmax(W [XM (i−1), XG(i−1)]),
(14)

where X(i) denotes feature embeddings extracted at depth
i, XM (i − 1) and XG(i − 1) represent features extracted
from Mamba and GCN streams respectively at depth i − 1.
W is a learnable matrix.

Unidirectional Magic Block
To ensure the temporal causality, we introduce the Unidirec-
tional Magic Block, which also includes the branching and
fusion of Mamba and GCN.

Mamba Stream. As shown in Fig.3(b), for an input
X ∈ RB×L×d, Unidirectional Mamba combines informa-
tion along the sequence dimension L but only learns in the
forward and independent directions. In this case, Eq.(10) is
rewritten to aggregate the forward and independent paths:

Xa = Xf ⊙Xi. (15)

GCN Stream. The structure of Unidirectional GCN re-
mains as shown in Fig.4(a), but its temporal adjacency ma-
trix undergoes some changes. Due to the causal nature of
the model, which can only observe present and past data,
the Unidirectional adjacency matrix is obtained by applying
a causal mask to the similarity matrix, followed by filter-
ing via K-nearest neighbors (K-NN). Specifically, we zero
out similarities corresponding to frames occurring after the
current time. This prevents K-NN from selecting temporal
connections from future frames.

Adaptive Fusion. Features extracted from Mamba and
GCN streams are also aggregated according to Eq.(14).

Experiments
Datasets and Evaluation Metrics
Experiments are conducted on widely used 3D HPE bench-
mark datasets, including Human 3.6M (Ionescu et al. 2013)
and MPI-INF-3DHP (Mehta et al. 2017).

Human3.6M (H3.6M) is one of the largest indoor mo-
tion capture datasets, consisting of 3.6 million frames from
11 actors across 15 scenarios. Following Cai et al. (2024),
our model is trained on subjects S1, S5, S6, S7 and S8, and
tested on subjects S9 and S11. We evaluate our single-view
temporal 3D HPE model using three metrics: Mean Per Joint
Position Error (MPJPE, mm) (Pavllo et al. 2019) for joint
accuracy, Mean Per Joint Velocity Error (MPJVE, mm/s)
and Acceleration Error (ACC-ERR, mm/s2) (Mehraban,
Adeli, and Taati 2024) for temporal consistency and smooth-
ness, which are essential for video applications. MPJVE and
ACC-ERR correspond to the MPJPE of the first and second
derivatives of 3D pose sequences.

MPI-INF-3DHP (3DHP) is a large dataset collected in
various indoor and outdoor environments. It includes over
1.3 million frames, capturing 8 actors performing 8 different
activities. Following Shan et al. (2023), MPJPE, Percentage
of Correct Keypoint (PCK) within 150 mm, and the Area
Under the Curve (AUC) are reported as evaluation metrics.
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Method T Params FLOPs MPJPE ↓
Causal

MotionBERT-scatch (Zhu et al. 2023)∗ 243 16.00 131.09 44.7
(Mehraban, Adeli, and Taati 2024)∗ 243 19.00 156.63 42.6
Ours 243 14.21 40.58 41.7

Bidirectional
PoseFormer (Zheng et al. 2021) 81 9.60 1.63 44.3
(Einfalt, Ludwig, and Lienhart 2023) 351 10.36 1.00 44.2
Strided (Li et al. 2022a) 351 4.35 1.60 43.7
MHFormer (Li et al. 2022b) 351 31.52 14.15 43.0
TPC w. MHFormer (Li et al. 2023b) 351 31.52 8.22 43.0
P-STMO (Shan et al. 2022) 243 7.01 1.74 42.8
HSTFormer (Qian et al. 2023) 81 22.72 2.12 42.7
HDFormer (Chen et al. 2023) 96 3.70 - 42.6
HoT w. MixSTE (Li et al. 2023b) 243 35.00 167.52 41.0
MixSTE (Zhang et al. 2022) 243 33.78 277.25 40.9
STCFormer (Tang et al. 2023) 243 18.93 156.22 40.5
TPC w. MixSTE (Li et al. 2023b) 243 33.78 251.29 39.9
MotionBERT-scatch (Zhu et al. 2023) 243 16.00 131.09 39.2
HoT w. MotionBERT (Li et al. 2023b) 243 16.35 63.21 39.8
TPC w. MotionBERT (Li et al. 2023b) 243 16.00 91.38 39.0
(Mehraban, Adeli, and Taati 2024) 243 19.00 156.63 38.4
Ours 243 14.42 40.58 37.5

Table 1: Comparison of parameters (M), FLOPs (G) and
MPJPE with Transformer-based methods on Human3.6M.
T/∗ denote the number of frames / our re-implementation.
Red: Best. Blue: Second best.

Implementation Details
Model Variants. Based on whether causality is consid-
ered, we build two different models: a bidirectional model
and a causal model. The difference lies in the Tempo-
ral Magic Block: bidirectional model uses a Bidirectional
Magic Block, while causal model uses a Unidirectional
Magic Block. Both models use a bidirectional Spatial Magic
Block. For all experiments, the number of layers is N = 26,
with a hidden dimension of d = 128, a motion semantic di-
mension of d′ = 512, and the number of temporal neighbors
in the GCN stream is k = 2.

Experimental Settings. Our model is implemented using
PyTorch (Paszke et al. 2017) and trained on two GeForce
RTX 3090 GPUs. Following Zhu et al. (2023), horizontal
flip augmentation is applied during both training and testing.
For training, each mini-batch consists of 8 sequences. The
AdamW optimizer (Loshchilov and Hutter 2017) is utilized
for 90 epochs with a weight decay of 0.01. The initial learn-
ing rate is 8e−4, with an exponential decay schedule and a
decay factor of 0.99. To ensure a fair comparison with pre-
vious studies (Zhu et al. 2023; Mehraban, Adeli, and Taati
2024), detected 2D poses from an off-the-shelf 2D pose de-
tector (Newell, Yang, and Deng 2016) are used for H3.6M,
while ground truth 2D poses are used for 3DHP.

Comparison with the State-of-the-art Methods
Results on Human3.6M. Current SOTA performance on
H3.6M is achieved by Transformer-based architectures, but
these come with high computational complexity. We catego-
rize methods based on causality and compare our approach
with them in Table 1. In bidirectional settings, Pose Magic
not only outperforms previous Transformer-based methods
but also significantly reduces computational costs. Specifi-
cally, our Pose Magic achieves 37.5mm in MPJPE, improv-

Method T MPJPE↓ PCK↑ AUC↑
Causal

MotionBERT-scatch (Zhu et al. 2023) 243 25.4 97.9 85.2
(Mondal, Alletto, and Tome 2024)(scatch) 243 24.6 98.2 85.6
(Mehraban, Adeli, and Taati 2024)∗ 81 18.7 98.4 85.0
Ours 81 16.1 99.1 86.7

Bidirectional
PoseFormer (Zheng et al. 2021) 81 77.1 88.6 56.4
TPC w. MHFormer (Li et al. 2023b) 9 58.4 94.0 63.3
MHFormer (Li et al. 2022b) 9 58.0 93.8 63.3
MixSTE (Zhang et al. 2022) 27 54.9 94.4 66.5
HoT w. MixSTE (Li et al. 2023b) 27 53.2 94.8 66.5
(Einfalt, Ludwig, and Lienhart 2023) 81 46.9 95.4 67.6
HSTFormer (Qian et al. 2023) 81 41.4 97.3 71.5
HDFormer (Chen et al. 2023) 96 37.2 98.7 72.9
P-STMO (Shan et al. 2022) 81 32.2 97.9 75.8
PoseFormerV2 (Zhao et al. 2023) 81 27.8 97.9 78.8
GLA-GCN (Yu et al. 2023) 81 27.7 98.5 79.1
STCFormer (Tang et al. 2023) 81 23.1 98.7 83.9
(Mondal, Alletto, and Tome 2024)(scatch) 243 18.7 99.0 87.1
MotionBERT-scatch (Zhu et al. 2023) 243 18.2 99.1 88.0
(Mehraban, Adeli, and Taati 2024) 81 16.2 98.2 85.3
Ours 81 14.7 98.8 87.6

Table 2: Comparison on MPI-INF-3DHP. T denotes the
number of input frames. ∗ indicates our re-implementation.
Red: Best. Blue: Second best.

(a) Causal models (b) Bidirectional models

Figure 5: Comparison results of ACC-ERR on Human3.6M.

ing accuracy by 0.9mm compared to the previous SOTA
(Mehraban, Adeli, and Taati 2024), while saving 74.1% in
FLOPs and improving Params by 4.58G. Causal methods
are more suitable for real-time scenarios where future frame
information is unavailable. For strong baselines, we also
train their non-causal variants. It can be observed that Pose
Magic also outperforms existing methods in causal settings.

Results on MPI-INF-3DHP. We further evaluate our
method on 3DHP, as shown in Table 2. Under both causal
and non-causal settings, our method consistently outper-
forms other approaches across all metrics, demonstrating its
effectiveness in both indoor and outdoor scenarios.

Temporal Consistency and Smoothness
We evaluate the ability to recover smooth 3D human mo-
tion from videos using MPJVE and ACC-ERR, as shown in
Table 3 and Fig.5. Our method achieves lower MPJVE and
ACC-ERR, and converges faster. These results indicate that
our method effectively models the natural smoothness of hu-
man motion by learning kinematic characteristics of human
movement and current frame features in long-term relation-
ships. We attribute this temporal coherence advantage to the
inherent continuous-time of Mamba.
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Method Dir. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg.
Causal

MotionBERT-scatch (Zhu et al. 2023)∗ 2.6 2.9 2.1 2.9 2.1 2.8 2.6 2.9 1.7 2.5 2.1 2.0 3.6 2.6 2.3 2.5
(Mehraban, Adeli, and Taati 2024)∗ 2.3 2.5 1.8 2.6 1.8 2.4 2.2 2.6 1.4 2.1 1.8 1.7 3.2 2.4 2.1 2.2
Ours 2.2 2.4 1.8 2.5 1.7 2.2 2.1 2.5 1.4 2.0 1.7 1.6 3.0 2.3 2.0 2.1

Bidirectional
PoseFormer (Zheng et al. 2021) 3.2 3.4 2.6 3.6 2.6 3.0 2.9 3.2 2.6 3.3 2.7 2.7 3.8 3.2 2.9 3.1
VPose (Pavllo et al. 2019) 3.0 3.1 2.2 3.4 2.3 2.7 2.7 3.1 2.1 2.9 2.3 2.4 3.7 3.1 2.8 2.8
Trajectory Pose (Lin and Lee 2019) 2.7 2.8 2.1 3.1 2.0 2.5 2.5 2.9 1.8 2.6 2.1 2.3 3.7 2.7 3.1 2.7
Anatomy3D (Chen et al. 2021) 2.7 2.8 2.0 3.1 2.0 2.4 2.4 2.8 1.8 2.4 2.0 2.1 3.4 2.7 2.4 2.5
MHFormer (Li et al. 2022b) 2.6 2.7 1.9 2.8 1.9 2.3 2.3 2.6 1.7 2.4 2.0 2.1 3.2 2.7 2.3 2.4
MHFormer++ (Li et al. 2023a) 2.5 2.6 1.9 2.8 1.9 2.2 2.3 2.6 1.7 2.4 1.9 2.0 3.1 2.5 2.2 2.3
MixSTE (Zhang et al. 2022) 2.5 2.7 1.9 2.8 1.9 2.2 2.3 2.6 1.6 2.2 1.9 2.0 3.1 2.6 2.2 2.3
MotionBERT-scatch (Zhu et al. 2023) 1.8 2.1 1.5 2.0 1.5 1.9 1.8 2.1 1.2 1.8 1.5 1.4 2.6 2.0 1.7 1.8
(Mehraban, Adeli, and Taati 2024) 1.8 2.0 1.4 2.0 1.5 2.0 1.8 2.0 1.1 1.7 1.4 1.4 2.5 2.0 1.7 1.8
Ours 1.6 1.8 1.4 1.8 1.4 1.6 1.6 1.9 1.1 1.6 1.3 1.3 2.3 1.9 1.6 1.6

Table 3: Comparison results of MPJVE on Human3.6M. ∗ indicates our re-implementation. Red: Best. Blue: Second best.

Method MPJPE↓ MPJVE↓
GCN only 54.2 4.6
Mamba only 41.2 1.8
GCN → Mamba (Sequential) 44.2 1.8
Mamba → GCN (Sequential) 46.8 3.9
Mamba → GCN (Parallel) 37.5 1.6

Table 4: Comparison of different integration. All models are
trained on Human3.6M with bidirectional settings.

Method MPJPE↓ MPJVE↓
No Embedding 37.8 1.6
Spatial Embedding only 37.5 1.6
Temporal Embedding only 38.0 1.7
Both Embeddings 38.8 1.7

Table 5: Different types of positional embedding. All models
are trained on Human3.6M with bidirectional settings.

Ablation Study
Effectiveness of the Proposed Magic Block. To verify
the effectiveness of the proposed Magic Block, Table 4
shows alternative blocks. When only using GCN, MPJPE
and MPJVE are 54.2mm and 4.6mm/s, indicating its lim-
ited ability to accurately and smoothly capture the underly-
ing 3D sequence structure. This is because GCN can only
capture local dependencies. The combination of GCN and
Mamba results in significant improvements. While local in-
formation is also available to Mamba, the parallel stream
including GCN allows to balance the integration of local
and global information. Compared to using Mamba alone,
MPJPE and MPJVE are reduced by 3.7mm and 0.2mm/s.

Impact of Positional Embedding. Table 5 explores the
impact of positional embedding on accuracy and smooth-
ness. It can be seen that incorporating temporal positional
embedding on top of spatial positional embedding increases
MPJPE by 1.3mm. This is due to the non-permutation
equivariant nature of GCN and the temporal continuity of
Mamba. Unlike Transformer-based methods, our method in-
herently maintains the temporal sequence, thus eliminating
the need for temporal positional embedding.

Generalization to Unseen Sequence Length. We further

(a) Causal models (b) Bidirectional models

Figure 6: Generalization performance on Human3.6M for
different sequence lengths.

investigate the ability of Pose Magic to generalize to unseen
sequence lengths. Pose Magic is initially trained on T = 243
and then tested on T = 81, 96, 351, 486. As shown in Fig.6,
Pose Magic demonstrates consistent performance when test
on shorter and longer sequences. Compared to MotionBERT
(Zhu et al. 2023) and MotionAGFormer (Mehraban, Adeli,
and Taati 2024), Pose Magic can successfully generalize
to any unseen sequence with minimal generalization loss
(<3mm), especially in encoding longer contexts. This is
particularly beneficial for deployment scenarios where the
sequence lengths do not match those used during training.

Conclusion
We propose a novel attention-free hybrid spatiotemporal ar-
chitecture, Pose Magic, to address the trade-off between ac-
curacy and efficient computation in 3D HPE. Specifically,
we introduce the advanced state space model, Mamba, to ef-
fectively capture global dependencies. To complement this,
we incorporate GCN to capture local joint relationships, en-
hancing neighborhood similarity and addressing local de-
pendencies. This fusion improves the ability to understand
the inherent 3D structure within input 2D sequences. Addi-
tionally, we provide a fully causal version of Pose Magic to
perform real-time inference. Empirical evaluations demon-
strate that Pose Magic achieves SOTA results while main-
taining efficiency. Moreover, Pose Magic exhibits optimal
motion consistency and smoothness, and can generalize to
unseen sequence lengths.
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