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Abstract

Modeling high-resolution spatiotemporal representations,
including both global dynamic contexts (e.g., holistic hu-
man motion tendencies) and local motion details (e.g., high-
frequency changes of keypoints), is essential for video-
based human pose estimation (VHPE). Current state-of-the-
art methods typically unify spatiotemporal learning within a
single type of modeling structure (convolution or attention-
based blocks), which inherently have difficulties in balanc-
ing global and local dynamic modeling and may bias the
network to one of them, leading to suboptimal performance.
Moreover, existing VHPE models suffer from quadratic
complexity when capturing global dependencies, limiting
their applicability especially for high-resolution sequences.
Recently, the state space models (known as Mamba) have
demonstrated significant potential in modeling long-range
contexts with linear complexity; however, they are restricted
to 1D sequential data. In this paper, we present a novel
framework that extends Mamba from two aspects to sepa-
rately learn global and local high-resolution spatiotempo-
ral representations for VHPE. Specifically, we first propose
a Global Spatiotemporal Mamba, which performs 6D selec-
tive space-time scan and spatial- and temporal-modulated
scan merging to efficiently extract global representations
from high-resolution sequences. We further introduce a
windowed space-time scan-based Local Refinement Mamba
to enhance the high-frequency details of localized keypoint
motions. Extensive experiments on four benchmark datasets
demonstrate that the proposed model outperforms state-of-
the-art VHPE approaches while achieving better computa-
tional trade-offs.

1. Introduction

Human pose estimation is a fundamental task in computer
vision that has attracted increasing attention in recent years.
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Figure 1. State-of-the-art methods such as (a) TDMI [10] and (b)
DiffPose [11] focus either on global or local spatiotemporal con-
texts, which may fail for occlusion or blur cases. Our method (c)
fully exploits both global and local high-resolution spatiotemporal
representations, delivering more robust results.

The objective is to detect and localize anatomical human
keypoints, such as elbows and wrists, from still images or
video sequences. It finds enormous applications in diverse
realistic scenes including human behavior understanding,
augmented reality, and surveillance tracking [10, 38].

Accurately estimating human poses from videos requires
dense spatiotemporal analysis, which significantly benefits
from global and local high-resolution representations [40,
46]. The former typically characterizes holistic human mo-
tion patterns and contexts, while the later captures detailed
high-frequency variations of local keypoints. With the surge
in deep learning, numerous VHPE approaches using a sin-
gle type of modeling structure such as convolutions [ 18] or
Transformers [7] have been designed.

The CNN-based methods [3, 10, 28] usually design con-
volutional networks to integrate spatial and temporal in-
formation derived from HRNet (an off-the-shelf model for
extracting high-resolution image features). For instance,
[10] computes feature differences among frames to cap-
ture motion clues, and aggregates high-resolution appear-
ance and motion features using convolutions to estimate
pose heatmaps. [28] employs convolutions to align multi-



ple supporting frames to the keyframe and fuses all aligned
feature maps for pose estimation. However, the fixed re-
ceptive fields inherent in convolutions constrain the global
inference capability of these approaches, which may result
in large prediction deviations for degraded body parts in
challenging cases. As illustrated in Fig. 1 (a), TDMI [10]
produces inaccurate estimations for right leg in mutual oc-
clusion scenes (or left arm for blur cases). In contrast,
Transformer-based methods [11, 17] adopt a self-attention
mechanism, allowing them to capture global dependencies
of the input sequence. [l1] concatenates the features of
each frame and employs plain Vision Transformers to ob-
tain global spatiotemporal representations. Nevertheless,
the attention-based models often suffer from inferior local
high-frequency details, and tend to yield inaccurate detec-
tions for localized ambiguous joints (right ankle in top of
Fig. 1 (b) or left wrist in bottom). Moreover, the compu-
tation of self-attention involves quadratic complexity with
respect to input tokens. Directly applying self-attention to
high-resolution sequences (e.g., 1/4 * T) would result in
excessive computation and memory overheads (Table 7).

Recently, state space models (SSMs) have gained sig-
nificant attention for their strengths in capturing long-range
dependencies [14, 51]. Notably, Mamba [12] incorporates
parallelized selective scan and a hardware-aware algorithm,
achieving remarkable performance in long language model-
ing with linear complexity. Despite these merits, Mamba’s
core operator, the vanilla selective scan, is specially de-
signed for 1D sequential data. This presents substantial
challenges when adapting to the spatiotemporal informa-
tion in videos. Recent variants [24, 33] attempt to extend
Mamba to video processing (e.g., high-level video under-
standing) via frame-by-frame bidirectional scanning. They
simply flatten the spatial tokens of each frame within the se-
quence to model global dependencies. However, such scan-
ning schemes focus on sequential spatial processing and do
not take into account of insights from other scanning direc-
tions, which is detrimental to the dense analysis of high-
resolution spatiotemporal contexts in VHPE. For instance,
they elongate the distance between temporally adjacent to-
kens, leading to insufficient capture of temporal-wise pixel
dynamics. Moreover, these methods lack specific designs
to guide the Mamba to learn fine-grained local details from
sequences. Directly applying them to VHPE produces infe-
rior performance.

Inspired by the preceding analysis, we design a decou-
pled framework based on pure Mamba to explore Global
and Local high-resolution Spatiotemporal representations
for VHPE (GLSMamba). The proposed GLSMamba ex-
tends Mamba in two aspects: (i) A Global Spatiotempo-
ral Mamba (GSM) is designed for holistic contextual se-
quence modeling at high resolutions. Specifically, GSM
engages a 6D selective Space-Time Scan (STS6D) mech-

anism, which traverses along six tailored spatiotemporal
scanning routes to fully resolve the high-resolution feature
sequences from a global perspective. Then, GSM adap-
tively aggregates the scanning knowledge from different
routes via a Spatial- and Temporal-Modulated scan Merg-
ing (STMM) strategy, thereby bridging the gap between 1D
selective scan and high-resolution sequences. (ii) A Lo-
cal Refinement Mamba (LRM) is further introduced to en-
hance the high-frequency details of local motion represen-
tations. LRM performs frame-wise selective scan within
windowed patch cubes, processing localized pixels inside
the same semantic 3D tubelet compactly together to ef-
fectively capture local spatiotemporal dependencies. This
module significantly enhances fine-grained motion details
while preserving sequence-size receptive field. Thanks to
the Mamba-based decoupled structure design, our approach
delivers more reliable high-resolution spatiotemporal repre-
sentations that are globally consistent and locally enriched,
and possesses better computational trade-offs.

From extensive evaluations on four widely-used bench-
mark datasets (PoseTrack2017, PoseTrack2018, Pose-
Track21, and Sub-JHMDB), we show that GLSMamba sur-
passes state-of-the-art VHPE methods. We also provide ab-
lation analysis on the effectiveness of each proposed com-
ponent and design choice.

The key contributions of this work can be summa-
rized as: (i) We propose to decouple the modeling of
global dynamic contexts and local motion details for video-
based human pose estimation. (ii) We present GLS-
Mamba, the first pure Mamba-based framework for VHPE.
GLSMamba extends the vanilla state space model in two
ways, forming GSM and LRM to learn global and lo-
cal high-resolution spatiotemporal representations, respec-
tively. (iii) We demonstrate that GLSMamba achieves com-
petitive state-of-the-art performance with fewer parame-
ters on four benchmark datasets: PoseTrack2017, Pose-
Track2018, PoseTrack21, and Sub-JHMDB.

2. Related Work

Human pose estimation in images. Estimating human
joint locations from still images has been extensively stud-
ied which generally falls into two paradigms: bottom-up
and top-down. Bottom-up approaches [4, 5, 22, 23] first de-
tect individual body parts and then group them into an entire
human skeleton. The main variation among these methods
lies in the grouping algorithms, such as Part Affinity Field
in [4] and Associative Embedding in [31]. Conversely, top-
down approaches [25, 38, 42, 44] first extract human bound-
ing boxes using an object detector, and then design models
to estimate human poses within each bounding box region.
[38] presents a high-resolution convolutional network that
retains high-resolution feature maps throughout all stages
and performs repeated multi-scale fusion to obtain rich hu-
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Given Iti, we seek to explore the spatiotemporal clues to
foster the pose estimation in the current frame I} .

Method overview. The overall pipeline of our proposed
GLSMamba framework is shown in Fig. 2. Our objective
is to extend Mamba to model global-local high-resolution
spatiotemporal contexts effectively. There are two key
components: Global Spatiotemporal Mamba (GSM) and
Local Refinement Mamba (LRM). Specifically, we first
extract high-resolution features for each frame .’Ft’
(F{_5,.... F{,...,F} s) using a visual encoder. Then, these
features are fed into GSM for global spatiotemporal model-
ing. The resulting tensor g;’ is passed to LRM to enhance
the local spatiotemporal details and yield D;}. Finally, a de-

tection head is used to estimate the pose heatmap I:Ijg In the
following, we present the preliminaries of SSMs (Sec. 3.1),
and detail the architectures of each component including
GSM (Sec. 3.2) and LRM (Sec. 3.3).

3.1. Preliminaries

State space models. SSMs are inspired by the continu-
ous system that maps a 1D input signal to output response
z(n) € R — y(n) € R via a hidden state h(n) € RY.
Formally, SSMs can be expressed as the following ordinary
differential equations:

h'(n) = Ah(n) + Bxz(n), :
y(n) = Ch(n) + Dz(n), M
where A € RVY*N denotes the evolution parameter, and
B € R¥*L C € R are projection matrixes. The pa-
rameter D € R! can be ignored as a residual connection.
To apply in the deep learning context, the above con-
tinuous system has to be discretized. The commonly used
technique for discretizing SSMs, known as zero-order hold
(ZOH), incorporates a step size A to convert the continuous
parameters A and B into their discrete counterparts, A and
B, respectively. This can be defined as:

A =exp(AA),

- _ 2
B = (AA) ' (exp(AA)—1I)- AB.
Consequently, the continuous-time SSMs in Eqs. 1 can be
rewritten as: o .

hn = Ahn—l + ana

) Ch 3)

which can be efficiently computed via global convolutions.
Selective SSM. A key property of the aforementioned
SSM models is linear time invariance (LTI), implying that
the parameters (A, B, C, A) remain constant and indepen-
dent of the input across different time steps. To over-
come this limitation, Mamba [12] introduces a selective
scan mechanism (S6) as the core operator. Unlike LTI
SSMs, Mamba dynamically generates model parameters
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based on the input, enabling context-based reasoning with
linear complexity. Given these advantages, our work also
adopts the S6 operation as a foundation.

3.2. Global Spatiotemporal Mamba

As illustrated in Fig. 2, we introduce the Global Spatiotem-
poral Mamba (GSM) to learn high-resolution spatiotempo-
ral representations from a global perspective. To achieve
this, we first construct the high-resolution feature sequence
.’Fti for the input clip Iti. The sequence .’Ft’ is then passed
through cascaded GSM blocks to produce the spatiotempo-
ral features G¢.

High-resolution feature sequence extraction. Given
i (Ii_s,.... I} e R&®XW___Ti 5), a visual encoder
pretrained on COCO is first leveraged to extract the fea-
tures of each frame F; = (F}_;,...,F},..., F} ), where
(H, W) indicates the image size and C is the number of chan-
nels. To ensure the high spatial resolution, we utilize ViT-
Pose [44] to extract image features followed by deconvolu-
tion structures for spatially upsampling by 4x. Note that
the parameters of the visual encoder are frozen during the
model optimization.

GSM block. After obtaining the feature sequence F¢, we
design the GSM block with the novel 6D selective Space-
Time Scan (STS6D) and Spatial- and Temporal-Modulated
scan Merging (STMM) mechanisms to model holistic spa-
tiotemporal contexts. The core parts, STS6D and STMM,
will be detailed in the following section. Specifically, the
feature of each frame within .7-';' is first linearly projected to
a tensor with size D, and combined with a sine-cosine spa-
tial embedding E,, [39] as well as a learnable temporal
embedding E.,, to preserve the spatial and temporal infor-
mation, deriving .’ﬁ'ti = <F’ti_5, oy B @ ROXBXW F'ti+5>:

F} = Linear (F}) + Espo + Etem, 4)

where h = iH and w = iw. Subsequently, .7_:'; is processed
through two separate streams:

(1) Main Stream: To facilitate the global sequence mod-
eling in STS6D and STMM, we first introduce a Sequen-
tial Channel Attention which adaptively activates signifi-
cant spatiotemporal information within .7_:} at the channel
level. Specifically, we concatenate the feature sequence and
squeeze the global spatiotemporal information into sequen-
tial (frame-wise) channel descriptors via a global average
pooling (GAP) layer. Next, several MLPs are leveraged to
model channel interactions both spatially (intra-frame) and
temporally (inter-frame), followed by a sigmoid function to
obtain the sequential attention weights. The attention ma-
trix ((My_g, ..., M{ € RP*' ... M], s)) is used to rescale
the input sequence .7_:; to obtain the modulated version ]_:'t’
The above process is formulated as:

Fi =0 (MLPs (GAP (F7))) ® F. (5)






Method Backbone Head Shoulder Elbow Wrist Hip Knee Ankle | Mean

Method Backbone Head Shoulder Elbow Wrist Hip Knee Ankle | Mean

PoseFlow [43] ResNet-152 66.7 73.3 68.3 61.1 67.5 67.0 61.3 66.5
FastPose [49] ResNet-101 80.0 80.3 69.5 59.1 714 67.5 59.4 70.3
SimplePose [42] ResNet-152 81.7 83.4 80.0 724 753 748 67.1 76.7
STEmbedding [21] | Hourglass 83.8 81.6 77.1 70.0 774 745 708 77.0
HRNet [38] HRNet-W48 | 82.1 83.6 80.4 73.3 755 753 68.5 77.3
MDPN [16] ResNet-152 | 85.2 88.5 839 775 790 77.0 714 | 80.7
CorrTrack [34] CPN 86.1 87.0 834 764 773 792 733 | 80.8
Dynamic [45] HRNet-W48 | 88.4 88.4 820 745 791 783 731 81.1
PoseWarper [3] HRNet-W48 | 81.4 88.3 839 780 824 805 73.6 | 81.2
DCPose [27] HRNet-W48 | 88.0 88.7 84.1 784 830 814 742 | 828

DetTrack [41] HRNet-W48 | 89.4 89.7 85.5 79.5 824 808 76.4 83.8
FAMI-Pose [28] HRNet-W48 | 89.6 90.1 86.3 80.0 84.6 834 T77.0 84.8
TDMI [10] HRNet-W48 | 90.0 91.1 87.1 81.4 852 845 785 85.7
DiffPose [11] ViT-B 89.0 91.2 87.4 83.5 855 872 802 86.4
DSTA [17] VIiT-H 89.3 90.6 87.3 82.6 845 85.1 77.8 85.6
GLSMamba-B ViT-B 90.6 91.3 88.2 83.8 854 87.1 80.5 86.9
GLSMamba-H VIiT-H 90.7 92.1 89.2 85.3 87.0 884 824 88.0

Table 1. Quantitative results on the PoseTrack2017 validation set.

Method Backbone Head Shoulder Elbow Wrist Hip Knee Ankle | Mean

AlphaPose [9] Hourglass 63.9 78.7 7.4 71.0  73.7 73.0 69.7 71.9
MDPN [16] ResNet-152 75.4 81.2 79.0 741 724 73.0 69.9 75.0
PGPT [2] ResNet-152 - - - 723 - - 722 | 76.8
Dynamic [45] HRNet-W48 | 80.6 84.5 80.6 744 750 767 TL8 779
PoseWarper [3] | HRNet-W48 | 79.9 86.3 824 775 798 788 732 79.7
PT-CPN++ [47] | CPN 82.4 88.8 86.2 794 720 80.6 76.2 80.9
DCPose [27] HRNet-W48 | 84.0 86.6 827 780 804 793 738 80.9
DetTrack [41] HRNet-W48 | 84.9 87.4 848 792 776 79.7 753 81.5
FAMI-Pose [28] | HRNet-W48 | 85.5 87.7 84.2 79.2 814 811 74.9 82.2

TDMI [10] HRNet-W48 | 86.2 88.7 85.4 80.6 824 821 775 83.5
DiffPose [11] ViT-B 85.0 87.7 84.3 81.5 814 829 776 83.0
DSTA [17] ViT-H 85.9 88.8 85.0 81.1 815 830 774 83.4
GLSMamba-B | ViT-B 85.0 88.2 85.6 829 825 849 79.7 | 842
GLSMamba-H | ViT-H 85.6 88.9 86.5 83.6 829 857 814 | 849

Table 2. Quantitative results on the PoseTrack2018 validation set.

separately. We reshape the processed features and sum them
to obtain locally enhanced spatiotemporal representations.
Notably, WSTS leverages a non-overlapping window parti-
tion scheme to maintain the computational efficiency.

In our implementation, we remove the Sequential Chan-
nel Attention from the Global Spatiotemporal Mamba
(GSM) block, and replace core operators i.e. STS6D and
STMM with the proposed WSTS strategy to construct the
LRM block. We employ 2 cascade LRM blocks to process
the input tensor gg’, and obtain refined representations D};
with abundant local details. Finally, we aggregate the fea-
tures of each frame within ’Df via an element-wise addition,
and feed the resulting tensor into a detection head (3 x 3
convolution) to yield the predicted pose heatmaps fIi

3.4. Loss Function
We employ the standard heatmap estimation loss [28, 38]
L to optimize the GLSMamba framework..:

A 112
o= |- m ©)

where I:Ifs and H! denote the predicted and corresponding
ground truth heatmaps, respectively.

4. Experiments

4.1. Experimental Settings

Datasets and evaluation. We evaluate our approach
on four challenging VHPE benchmarks, including Pose-
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Simple [42] ResNet-152 80.5 81.2 73.2 648 739 727 67.7 73.9
HRNet [38] HRNet-W48 | 81.5 83.2 81.1 754 792 778 71.9 78.8
PoseWarper [3] | HRNet-W48 | 82.3 84.0 82.2 75.5 80.7 787 716 79.5
DCPose [27] HRNet-W48 | 83.2 84.7 82.3 781 80.3 79.2 73.5 80.5
FAMI-Pose [28] | HRNet-W48 | 83.3 85.4 82.9 78.6 813 80.5 75.3 81.2

TDMI [10] HRNet-W48 | 85.8 87.5 85.1 81.2 835 824 779 83.5
DiffPose [11] ViT-B 84.7 85.6 83.6 80.8 814 835 80.0 82.9
DSTA [17] ViT-H 87.5 87.0 84.2 81.4 823 825 T7.7 83.5
GLSMamba-B | ViT-B 86.3 86.7 85.1 821 83.0 843 794 | 841
GLSMamba-H | ViT-H 87.0 86.9 85.4 83.2 834 848 80.8 | 84.7

Table 3. Quantitative results on the PoseTrack21 dataset.

Method Backbone Head Shoulder Elbow Wrist Hip Knee Ankle | Avg
Thin-slicing [37] | — 97.1 95.7 87.5 81.6 980 927 898 | 921
LSTMPM [29] | — 98.2 96.5 89.6 8.0 98.7 956 90.0 | 93.6
DKD [32] ResNet-50 98.3 96.6 90.4 871 991 96.0 929 | 94.0
K-FPN [50] ResNet-18 94.7 96.3 952 902 964 955 932 | 945
K-FPN [50] ResNet-50 95.1 96.4 953 913 963 95.6 926 | 94.7
MAPN [8] ResNet-18 98.2 974 91.7 852 992 96.7 922 | 94.7

FAMI-Pose [28] | HRNet-W48 | 99.3 98.6 94.5 91.7  99.2 91.8 954 | 96.0

DeciWatch [48]% | SimplePose | 99.8 99.5 99.7 99.7 98.7 994  96.5 | 98.8

GLSMamba-B | ViT-B 99.2 98.3 98.1 97.1 993 98.0 959 | 97.9

Table 4. Quantitative results on the Sub-JHMDB dataset.

Track2017 [19], PoseTrack2018 [1], PoseTrack21 [6], and
Sub-JHMDB [20]. Specifically, PoseTrack2017 provides
80,144 human pose annotations which are divided into
train/val sets, consisting of 250 and 50 video clips, respec-
tively. PoseTrack2018 significantly expands the amount of
data and contains 593 videos for training and 170 for valida-
tion, with a total of 153, 615 manually labeled poses. Both
datasets are annotated with 15 keypoints along the same cri-
teria, and include an extra flag for visibility. PoseTrack21
further enriches the annotations of PoseTrack2018 espe-
cially for complex small persons, providing 177,164 human
pose labels. Sub-JHMDB contains 316 video sequences
with 11,200 frames. Following [28], we adopt three data
splits for training and testing, and report the average perfor-
mance. We benchmark the model over visible joints using
the metric of average precision (AP) [27, 38].
Implementation details. The proposed GLSMamba
framework is implemented by PyTorch. We incorporate
data augmentations such as random rotation/scaling, trun-
cation, and flipping in the training phase. We take ViTPose
pretrained on COCO as the backbone, and freeze its pa-
rameters during training. The temporal span § is set to 2.
We employ AdamW optimizer with a base learning rate of
le — 4, which decays to 1e — 5 at 6-th epoch and le — 6
for 12-th epoch. All training process is performed on one
TITAN RTX GPU and terminated within 20 epochs.

4.2. Comparison with State-of-the-art Approaches

We first compare GLSMamba with state-of-the-art (SOTA)
methods on the PoseTrack2017 validation set, and report
the results in Table 1. We comprehensively evaluate GLS-
Mamba under two widely-used backbones namely ViT-B
and ViT-H, and provide the computational cost in Table 7.
We observe that GLSMamba, the first pure Mamba-based
VHPE framework with only 9.8 M trainable parameters,



Figure 4. Visual results of our method on benchmarks. Challenging scenes such as occlusion and motion blur are involved.

delivers SOTA pose estimation performance against exist-
ing well-established CNN- and Transformer-based models
across various backbones. (i) Compared to the impressive
convolution-based PoseWarper [3], GLSMamba-B attains a
remarkable performance gain of 5.7 mAP with drastically
reduced FLOPs (| 34%). GLSMamba-B also improves the
pose estimation performance by 1.2 mAP over the SOTA
method TDMI [10]. Compared to the Transformer-based
DiffPose [11] that operates on low-resolution sequences,
GLSMamba-B improves the mAP by 0.5 points. Such
compelling results demonstrate the importance of explic-
itly embracing both global and local high-resolution spa-
tiotemporal contexts, reflecting the great potential of the
novel Mamba-based architecture for VHPE. Noticeably, in
contrast to existing SOTA methods [3, 11, 27] that often
additionally fine-tune the backbone on VHPE datasets to
improve performance, we directly leverage the pre-trained
backbone weights on COCO from [44]. This simplifies the
training pipeline, and remarkably diminishes the trainable
parameters T by | 86.2%. (ii) When adopting the larger
backbone ViT-H, GLSMamba-H further pushes forward the
performance boundary and achieves 88.0 mAP (1 1.6).

Table 2 and Table 3 provide the experimental compar-
isons of various approaches on the PoseTrack2018 and
PoseTrack21 datasets, respectively. With the base backbone
ViT-B, our GLSMamba-B has already surpassed all other
methods in both datasets. Our large model, GLSMamba-
H, further obtains new state-of-the-art performance of 84.9
mAP and 84.7 mAP. We also illustrate in Fig. 4 the exam-
ple visualizations of pose estimates in complex scenarios,
which attest to the effectiveness of the proposed method.

Furthermore, we benchmark the proposed model on Sub-
JHMDB and tabulate the results in Table 4. Compared to the
SOTA representation learning approach FAMI-Pose [28],
GLSMamba-B can provide a significant performance im-
provement of 1.9 mAP. On the other hand, in contrast to
the best-performed post-processing method [48] 1 that op-
erates in the pose coordinate space, our GLSMamba-B still
achieves a competitive performance of 97.9 mAP.

Qualitative analyses. In addition to the quantitative com-
parisons, we also qualitatively examine the ability of GLS-
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Method Global Spat. Mamba (GSM)  Local Ref. Mamba (LRM) | mAP
(a) Backbone 74.2
(b) GSM v 86.0
(c) GLSMamba-B v v 86.9
Table 5. Ablation study of different components.
Methods #Params. | GFLOPs | mAP
(a) unified scanning 9.1 M 1374 85.8
(b) unified + space-wise scanning 9.4M 138.1 86.5
(c) unified + space-wise + time-wise scanning 9.8 M 138.9 86.9
(d) w/o STMM 9.1M 137.4 86.2

Table 6. Ablation study of STS6D and STMM.

Mamba to cope with challenging scenes. As illustrated
in Fig. 5, we present the side-by-side comparisons of the
proposed method (a) against SOTA models TDMI [10] (b)
and DiffPose [11] (c). Remarkably, our approach achieves
more robust and accurate results across various scenarios.
TDMI is built upon convolutions that suffer limited recep-
tive fields, leading to suboptimal performance. On the other
hand, DiffPose leverages self-attentions and overlooks rich
keypoint motional details. Through the principled design
of GSM and LRM, our method can capture reliable global-
local high-resolution spatiotemporal representations and is
more adept at handling complex cases.

4.3. Ablation Study

In this section, we investigate the impact of each proposed
component and design choice in GLSMamba-B. All exper-
iments are performed on the PoseTrack2017 validation set.
Study on components. We first study the contribution of
each individual component including Global Spatiotempo-
ral Mamba (GSM) and Local Refinement Mamba (LRM),
and provide the empirical results in Table 5. (a) For the first
setting, we remove both proposed GSM and LRM mod-
ules, and estimate human poses employing only the back-
bone (ViT-B). This baseline obtains a 74.2 mAP. (b) Sub-
sequently, we incorporate the GSM module on top of the
backbone (a) for global dynamic modeling, which signif-
icantly improves upon the baseline by a large margin of
11.8 mAP and is on par with the SOTA approach DiffPose
[11]. This corroborates the effectiveness of our method in
introducing global spatiotemporal knowledge to facilitate
VHPE. (c) For the final setting, we further introduce LRM
which corresponds to the complete GLSMamba-B model.
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Figure 5. Qualitative comparisons of pose predictions of (a)
GLSMamba-B, (b) TDMI, and (c) DiffPose on the PoseTrack
dataset. Inaccurate results are highlighted by red circles.

The performance improvement of 0.9 mAP suggests the im-
portance of capturing enriched high-frequency details of lo-
cal keypoint motions for accurate pose estimation.

Study on GSM designs. Then, we validate the efficacy
of the core GSM designs, including the 6D selective Space-
Time Scan (STS6D) and Spatial- and Temporal-Modulated
scan Merging (STMM). (1) As presented in Table 6 (a)-(c),
we gradually introduce diverse scanning directions contain-
ing unified, space-wise, and time-wise scanning routes. The
results in mAP reflect a progressive and remarkable per-
formance improvement, from 85.8 — 86.5 — 86.9, with
negligible extra computations. This is in line with our ex-
pectations, i.e., an adequate space-time traversal allows for
effective mining of dense high-resolution sequence knowl-
edge, thereby contributing to enhanced accuracy. (2) We
also examine the impact of the proposed STMM strategy
by removing it and merging diverse scans via a simple ad-
dition. The significant performance reduction of 0.7 mAP
(d) highlights the importance of STMM in adaptively ag-
gregating distinct scanning knowledge.

Comparison with VideoMamba. We notice that Video-
Mamba [24, 33] has proposed the latest Mamba-based
framework for high-level video understanding. However,
our method differs notably from VideoMamba: (1) For the
global modeling, we introduce a Sequential Channel Atten-
tion to filter unnecessary information, and design STS6D
and STMM for adequate spatiotemporal scanning and adap-
tive fusion. (2) Unlike VideoMamba that lacks of the local
modeling capability, we also propose a Windowed Space-
Time Scan (WSTS) to enhance local details.
Spatiotemporal representation resolution. Finally, we
examine the influence of feature resolutions on the pose
estimation performance. As reported in Table 7, the fol-
lowing baselines are constructed: a) We directly adapt
GLSMamba-B to low-resolution sequences (7cH X 7cW X
T) which forms GLSMamba-BLR*. b) We employ ViT-
B as backbone and stack six standard ViT-B blocks to
learn spatiotemporal features at low (7ransLR*), normal
(TransNR*), and high (TransHR*) resolutions, respec-
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Method Resolution  Token Num. | #Params. GFLOPs Mean
GLSMamba-B 1/4xT 15,360 9.8 Mt 138.9 | 86.9(11.2)
GLSMamba-BLR* | 1/16 x T' 960 9.8 M¥ 85.1 85.7
TransLR* 1/16 x T 960 46.3 M 125.7 84.2
TransNR* 1/8 xT 3,840 47 Mt 315.2 84.8(1 0.6)
TransHR* 1/4xT 15,360 — — OOM
PoseWarper [3] 1/4xT - 71.1 M7 210.5 81.2

Table 7. Impact of feature sequence resolutions. “”” denotes train-
able parameters and “*” indicates manually-constructed baselines.

tively. It is observed that spatiotemporal representations
with higher resolutions indeed result in better performance,
across both Mamba (1 1.2 mAP) and Transformer (1 0.6
mAP) architectures. This is in line with our intuitions that
high-resolution sequence representations can capture inter-
frame temporal dynamics and intra-frame spatial details
more precisely, which facilitate accurate pose heatmaps.
Another observation is that high-resolution settings lead to
significantly increased computational overhead, especially
for Transformer structures (Out Of Memory (OOM) vs
138.9G FLOPs at 15, 360 input tokens). This highlights that
Mamba can achieve better computational trade-offs in han-
dling high-resolution feature sequences.

5. Conclusion and Future Works

This paper introduces GLSMamba, a novel framework
that leverages State Space Models to learn decoupled
global and local high-resolution spatiotemporal represen-
tations for VHPE. We design a Global Spatiotemporal
Mamba with 6D selective space-time scan and spatial- and
temporal-modulated scan merging mechanisms, to fully an-
alyze holistic human dynamics embedded in dense high-
resolution spatiotemporal contexts from a global perspec-
tive. A Local Refinement Mamba based on windowed
space-time scan is further introduced for enhancing local-
ized keypoint motion details. Extensive experiments on four
benchmarks demonstrate the superiority of GLSMamba in
both performance and computational trade-offs. Future
works include applications for other vision tasks such as
3D human pose estimation and video segmentation.
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