
IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 34, 2025 6655

NanoHTNet: Nano Human Topology Network for
Efficient 3D Human Pose Estimation

Jialun Cai , Mengyuan Liu , Hong Liu , Member, IEEE, Shuheng Zhou, and Wenhao Li

Abstract—The widespread application of 3D human pose
estimation (HPE) is limited by resource-constrained edge devices
like Jetson Nano, requiring more efficient models. A key approach
to enhancing efficiency involves designing networks based on
the structural characteristics of input data. However, effectively
utilizing the structural priors in human skeletal inputs remains
challenging. To address this, we leverage both explicit and implicit
spatio-temporal priors of the human body through innovative
model design and a pre-training proxy task. First, we propose a
Nano Human Topology Network (NanoHTNet), a tiny 3D HPE
network with stacked Hierarchical Mixers to capture explicit
features. Specifically, the spatial Hierarchical Mixer efficiently
learns the human physical topology across multiple semantic
levels, while the temporal Hierarchical Mixer with discrete cosine
transform and low-pass filtering captures local instantaneous
movements and global action coherence. Moreover, Efficient
Temporal-Spatial Tokenization (ETST) is introduced to enhance
spatio-temporal interaction and reduce computational complexity
significantly. Second, PoseCLR is proposed as a general pre-
training method based on contrastive learning for 3D HPE,
aimed at extracting implicit representations of human topology.
By aligning 2D poses from diverse viewpoints in the proxy
task, PoseCLR aids 3D HPE encoders like NanoHTNet in more
effectively capturing the high-dimensional features of the human
body, leading to further performance improvements. Extensive
experiments verify that NanoHTNet with PoseCLR outperforms
other state-of-the-art methods in efficiency, making it ideal for
deployment on edge devices like the Jetson Nano. Code and
models are available at https://github.com/vefalun/NanoHTNet

Index Terms—3D human pose estimation, human topology,
efficient, contrastive learning.
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I. INTRODUCTION

3D HUMAN pose estimation (HPE) is a fundamental
computer vision task aimed at estimating 3D human joint

positions from images or videos. Recently, many effective 3D
HPE methods [1], [2], [3], [4], [5] have been proposed and
widely applied in human-computer interaction contexts such
as health monitoring [6], rehabilitation training [7], and virtual
reality [8]. Notably, the deployment of these methods on edge
devices like wearables, smart cameras, and mobile phones has
significantly expanded the potential applications of 3D vision
technologies.

However, deploying 3D HPE methods on these edge devices
presents significant efficiency challenges. The mainstream
approaches in 3D HPE [9], [10], [11], [12], [13] typically
adopt a two-stage pipeline. In the first stage, lightweight 2D
HPE models [14], [15], [16] are employed to estimate 2D
poses from images or videos in real time. In the second
stage, these 2D poses are subsequently lifted to 3D poses.
However, as illustrated in Fig. 1, these methods fail to achieve
real-time inference in the second stage when deployed on
the Jetson Nano, a widely used AI edge device. One key
factor contributing to this limitation is that these 2D-to-3D
pose lifting methods rely on pixel-based vision approaches
that overlook the spatio-temporal priors inherent in human
topology, resulting in redundant computations. This leads us
to ask:

• How to better leverage spatio-temporal human priors to
enhance data comprehension for more efficient 3D HPE?

To address this, we explore human priors from the following
three perspectives:

(i) Spatial hierarchical structure: The human body can be
anatomically divided into multiple hierarchical levels: joints,
parts, and the whole body (see in Fig. 2(a)). At the joint
level, joints are connected locally through the skeleton; at the
part level, the joints in the same part cooperate closely during
movement, and they will always advance and retreat together;
at the body level, the inter-part joints are also globally con-
nected with each other. For instance, running, a fundamental
human activity, is characterized by the natural coordination of
contralateral limbs, where the left arm synchronizes with the
right leg, rather than ipsilateral limb movement.

(ii) Temporal multi-scale kinematics: Given the kinematic
principle, the temporal movement dynamics of human can be
divided into local instantaneous features and global coherence
features. As shown in Fig. 2(b), local features mainly focus on
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Fig. 1. Comparison of performance (MPJPE) and speed (FPS) between the
proposed NanoHTNet and SOTA methods on the Jetson Nano, a compact
and power-efficient AI device. NanoHTNet significantly excels in the speed-
accuracy trade-off, enabling real-time inference for 3D HPE in edge AI.

Fig. 2. Spatio-temporal priors of the human skeleton: (a) Spatial hierarchical
structure; (b) Temporal multi-scale kinematics; (c) Cross-view spatio-temporal
topological consistency.

the immediate movements between adjacent frames, including
variations in joint angles, velocity, and acceleration, which
are crucial for predicting short-term movements. Meanwhile,
global features within the sequence (e.g., a 243-frame input
spanning 4.86 seconds) concentrate on the overall coherence
and coordination of actions. This enables the comprehension of
global movement patterns and rhythms, such as the repetitive
and cyclical nature in running, thereby aiding the model in
better understanding the consistency of human motion.

(iii) Cross-view spatio-temporal topological consistency:
The topological architecture of the human body exhibits con-
sistent spatial representation across all viewpoints at the same
moment as shown in Fig. 2(c). Such consistency is crucial
for developing robust models that are capable of generalizing
across a wide range of poses and orientations. In insight of
this, models can more accurately predict joint coordinates by
aligning body parts from various perspectives.

Driven by the first two observations, a Nano Human
Topology Network (NanoHTNet) is proposed. NanoHTNet
utilizes a dual-stream architecture to parallelly extract spatial
and temporal kinematic features of human topology through
stacked Hierarchical Mixers. Specifically, the spatial Hier-
archical Mixers, composed of Local Joint-level Connection
(LJC), Intra-Part Constraint (IPC), and Global Body-level
Interaction (GBI) modules, capture the hierarchical features of
the human skeleton from joints to the entire body. The tempo-
ral Hierarchical Mixers, with Instantaneous Motion Extraction
(IME) and Global Coherence Perception (GCP) modules,
learn both short-term and long-term motion characteristics.
Moreover, Discrete Cosine Transform (DCT) separates low-
frequency global kinematics from high-frequency noise. A
Low-pass Filter (LF) is then applied to remove this noise and
reduce data redundancy. To further enhance spatio-temporal
feature interaction, Efficient Temporal-Spatial Tokenization
(ETST) module is proposed. ETST rearchitects data mapping
by creating fused tokens: temporal tokens that encapsulate the
full body joints per frame and spatial tokens that represent
each joint’s entire trajectory. This strategy strengthens feature
interaction from the outset while significantly reducing com-
plexity and parameters.

Further inspired by the cross-view topological consistency,
we introduce PoseCLR, a self-supervised learning method
utilizing contrastive learning to extract structural priors for
better model parameter initialization. Specifically, in the pre-
training stage, a contrastive proxy task is designed to align
the 2D poses of the same person at the same moment across
different viewpoints, effectively capturing high-dimensional
feature representations of the human body. In the fine-tuning
phase, the pre-trained parameters are loaded into the encoder
to train for the monocular 3D human pose estimation task. The
encoder could be various mainstream 2D-to-3D lifting imple-
mentations, including NanoHTNet, GraFormer [17], MixSTE
[18], PoseFormerV2 [5], etc.

Therefore, by leveraging unlabeled multi-view data or
the inherent viewpoint information in existing datasets [19],
PoseCLR could introduce better initialization parameters that
represent the implicit structural prior of human topology for
3D HPE encoders. This approach achieves a generic pre-
training approach for 2D-to-3D lifting HPE without extra
labeled data and model size increase.

In summary, the main contributions are as follows:
• A Nano Human Topology Network (NanoHTNet) is pro-

posed, which can infer on edge AI devices like Jetson
Nano with excellent efficiency.

• Spatial and temporal Hierarchical Mixers with a channel-
split progressive structure are designed to efficiently
learn multilevel spatio-temporal features of the human
body.

• To the best of our knowledge, PoseCLR is the first to
introduce a multi-view contrastive learning framework to
the 2D-to-3D HPE task, which utilizes cross-view consis-
tency of the human body to optimize model initialization.

• Experiments show that NanoHTNet effectively extracts
explicit spatio-temporal human features, while PoseCLR,
as a general pre-training method for 2D-to-3D HPE,
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further captures implicit features for better comprehen-
sion of the human body, leading to efficient 3D HPE.

This paper is the extension of our conference paper [20],
and NanoHTNet extends in the following aspects: (1) We
introduce a Temporal Hierarchical Mixer augmented with DCT
and LF to efficiently model multi-scale motion from video, a
capability largely absent in the original spatial-focused work.
(2) We propose a fundamentally lighter architecture, NanoHT-
Net, which utilizes a novel Efficient Temporal-Spatial
Tokenization (ETST) module to drastically reduce model
complexity for real-time edge deployment. (3) We introduce
PoseCLR, a new contrastive learning pre-training method that
captures implicit structural priors from multi-view data, a
paradigm not present in the conference version.

II. RELATED WORK

A. Efficient 3D HPE

The deployment of real-time and accurate 3D HPE algo-
rithms on edge devices could significantly promote the
widespread application of 3D human vision technology.
However, the hardware limitations of these devices impose
constraints on model size and computational complexity.
To address this challenge, many methods try to enhance
efficiency by data optimization. DeciWatch [21] introduces
a sample-denoise-recover pipeline, achieving 10× efficiency
improvement on edge devices by estimating from less than
sampled 10% of video frames. HoT [22], as a plug-and-
play framework, utilizes clustering algorithms to select a
few representative tokens from redundant video sequences.
PoseFormerV2 [5] explores the frequency domain by using
a few low-frequency Discrete Cosine Transform (DCT) coef-
ficients to create a compact representation of long skeleton
sequences. This approach fuses global frequency-domain fea-
tures with time-domain features from a few central frames
within a specialized Time-Frequency Feature Fusion module.
Our NanoHTNet also utilizes DCT and low-pass filtering for
data optimization. However, instead of a fusion module, we
employ a dual-stream architecture where the filtered frequency
features are processed by a dedicated temporal mixer in par-
allel with a spatial mixer, allowing for specialized extraction
of kinematic and physical topology.

Other approaches for efficient HPE are based on the model
lightweight. MobileHumanPose [23] significantly reduces
model parameters and FLOPs via skip cascading and resid-
uals, facilitating deployment on mobile devices like Galaxy
S20. MixSynthFormer [24] incorporates a reduction factor
in an MLP-based mixed synthetic attention matrix generator,
enabling dynamic fusion of temporal and spatial features and
achieving real-time inference on an 8-core CPU Apple M1 Pro.
Similarly, DSPNet [25] proposes a deep supervision pyramid
network, which utilizes a lightweight up-sampling unit and
a novel pyramid architecture to reduce computational load,
achieving a remarkable balance between accuracy and effi-
ciency. Our NanoHTNet integrates these methodologies by (1)
incorporating DCT in data optimization to filter key features
and (2) employing a channel-split progressive architecture
and ETST module in model lightweight to reduce model
complexity, resulting in real-time inference on Jetson Nano.

B. Human Topology Modeling in 3D HPE

Unlike pixel-based vision tasks, 2D-3D lifting HPE takes
human topology composed of sparse and highly structured
joints as input, which integrates both the spatial, physical
structures and temporal kinematic relationships [26], [27],
[28]. Exploiting these inherent priors could boost estimation
efficiency.

Many recent works [29], [30], [31] incorporate spatial
physical structures from different body levels into the model
design. Some studies [32], [33], [34] utilize Graph Convolu-
tional Neural Networks (GCNs) to model joint-level features,
employing adjacency matrices to simulate the anatomical
connections of joints and aggregate local features. Addressing
limb movement inconsistency, other works [29], [30], [31]
extract features at the limb level. For example, SRNet [29]
splits the joints of the human body into local groups and
recombines them. Wang et al. [30] treat body joints unequally
and capture the relationships among the body parts with
different DOFs. Wu et al. [31] design a limb pose-aware
framework through angular relations to provide constraints
for the limbs. Furthermore, vision Transformer [35], [36]
enable encoding body-level dependencies via self-attention.
This approach [24], [37] captures interactions between the
whole body, enhancing expressiveness in skeleton sequences.
More recently, diffusion models [38], [39], [40] have been used
to tackle pose ambiguity by generating multiple topological
hypotheses through a denoising process.

Another line of works [18], [41], [42] investigates temporal
kinematics for better estimation. Tekin et al. [41] pioneers
the integration of video sequences into 3D HPE based on
the Seq2Frame pipeline, which only regresses the center
frame, effectively leveraging motion information to resolve
ambiguities. MixSTE [18] introduces the Seq2Seq framework
to the Transformer architecture for 3D HPE. It alternately
extracts temporal and spatial relationships and simultaneously
outputs 3D poses for all frames, enhancing motion consistency.
KTPFormer [42] constructs kinematic topology and motion
trajectory separately, which effectively enhances the global
correlation modeling capability of human topology. However,
these methods can not simultaneously take full advantage
of the spatio-temporal priors of human topology, leading
to specific estimation errors and significant computational
redundancy.

C. Self-Supervised Learning in 3D HPE

Beyond the inherent spatio-temporal priors of human
topology, self-supervised learning can further capture high-
dimensional and implicit representations of the human
skeleton via unlabeled pre-training. Current mainstream self-
supervised learning methods can be categorized into generative
proxy tasks [43], [44], [45] and contrastive proxy tasks [46],
[47], [48], [49]. The former masks a portion of the input
sequence and trains the model to predict the masked content.
For example, P-STMO [3] employs masked pose modeling
to pre-train the model by reconstructing randomly masked
joints, thus enhancing the understanding of human body
structures. MotionBERT [37] extends the mask autoencoders
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Fig. 3. Overview of our encoding network NanoHTNet. A two-stream structure is designed for independently extracting the spatial-domain physical topology
and the temporal-domain kinematic topology of the human body. T denotes input frames, while Tk represents the reduced frames after applying DCT and
LF. C is the main channel dimension after patch embedding, and Cl is the channel dimension after MLP networks T FCN and S FCN.

framework to human motion representations, utilizing self-
supervised pre-training to capture geometric, kinematic, and
physical knowledge for multiple downstream tasks.

Contrastive learning captures the intrinsic characteristics
of data by learning the relative relationships among samples
within the dataset, providing a comprehensive understand-
ing of the human body for skeleton-based tasks [50], [51].
For example, UniHPE [52] aligns images, corresponding 2D
poses, and 3D poses as mutual positive samples for training,
facilitating constraints and information sharing across different
modalities. ORC-Pose [53] uses unoccluded 2D poses as
positive samples and occluded ones as negatives to ensure
topology invariance, effectively mitigating the occlusion prob-
lem. However, these methods overlook the multi-view data
in datasets and the cross-view consistent topological patterns
of the human topology. In this work, PoseCLR is designed
to exploit these relative topological relationships to build
contrastive pre-training tasks, thereby enhancing the extraction
of topological priors.

III. METHODS

Our method consists of two stages, each stage focusing
on the extraction of topological features. In the pre-training
phase, we implement a contrastive proxy task based on
cross-view topological consistency to extract implicit and
high-dimensional features without 3D labels; In the fine-tuning
phase, we design the encoder architecture to extract explicit
hierarchical representations of human topology. Initialized
with pre-trained parameters, the model is then fine-tuned using
3D ground truth supervision. In Sec. III-A, we introduce
the overview of NanoHTNet as the encoder. Subsequently,
Hierarchical Mixers, the core elements of NanoHTNet, are
detailed in Sec. III-B. Finally, the contrastive learning-based
method PoseCLR is presented in Sec. III-C.

A. Encoding Network Structure

As the encoder for the 3D HPE task, the overall structure
of NanoHTNet is shown in Fig. 3. Given a 2D pose sequence
X ∈ RT×J×2 with T frames and J joints, NanoHTNet adopts
a tiny dual-stream architecture to extract and fuse spatial and
temporal features in parallel.

1) Spatial-Domain: Referencing Transformer-based meth-
ods, X ∈ RT×J×2 is initially reshaped to Xs ∈ R

J×(T ·2),
allowing each joint to be treated as an individual token. These
tokens are mapped to a high dimension Xs

′ ∈ RJ×(T ·C) with a
linear layer in the patch embedding, where C is the channel
dimension. Then, we embed X′ with a learnable positional
matrix Epos ∈ R

1×(T ·C) in the position embedding to obtain
the embedded features Xl, where l is the index of spatial
Hierarchical Mixers. These Hierarchical Mixers, which are
described in detail in Sec. III-B, play a crucial role in the
extraction of the human topology. Finally, a channel MLP [54]
called S FCN is adopted to aggregate information between
different channels.

2) Temporal-Domain: Long sequences, such as 351 frames
[2], [55] and 243 frames [4], [37], enhance performance
by expanding the receptive field. However, these extended
sequences introduce substantial redundancy and lead to a
quadratic increase in computational complexity. To mitigate
video input redundancy while maintaining a large receptive
field, we incorporate a Discrete Cosine Transform (DCT)
and a low-pass filter before the patch embedding for data
compression and noise reduction. First, we utilize DCT to
transform the input data from the time domain to the frequency
domain as:

Xφ = c( f )
T−1X
t=0

Xt cos
�
π(2T + 1) f

2T

�
, f = 0, 1, . . . ,T − 1, (1)

where Xt
′ ∈ RJ×C×T is the input with T frames, f represents

the index of the frequency component, and c( f ) is a normal-
ization coefficient used to ensure the orthogonality and energy
conservation of DCT. Then, we utilize low-pass filtering to
reduce redundancy as:

Xk
φ =

(
Xφ, if f < k
0, otherwise,

(2)

where k is the cutoff frequency, and Xk
φ represents the

frequency domain feature after filtering. Low-frequency coef-
ficients in the frequency domain focus primarily on global
movement trends and major poses, while high-frequency coef-
ficients contain noise and minor variations. Through low-pass
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TABLE I
COMPLEXITY COMPARISON BETWEEN DIFFERENT TOKENIZATIONS

filtering, our model focuses on the main movements and poses,
boosting computational efficiency and generalization within a
large receptive field. The subsequent steps mirror those in the
spatial domain, but each frequency domain feature is treated
as a token. These tokens are processed through the Temporal
Hierarchical Mixer and T FCN.

Finally, we concatenate the spatio-temporal representations
in the dual-stream network and obtain the 3D pose Y ∈

RTk×J×3 through a regression head.
3) Efficient Temporal-Spatial Tokenization: Existing Video

Pose Transformers [1], [2], [4], [18], [37] construct tokens
independently within spatial and temporal dimensions (Spa-
tially, X ∈ RT×J×2 → Xs

′ ∈ RT×J×C); Temporally, X ∈

RT×J×2 → Xt
′ ∈ RJ×T×C). These approaches, we termed

Decoupled Temporal-Spatio Tokenization (DTST), fail to cap-
ture the interaction of spatio-temporal information, and the
computational complexity increases quadratically with the
number of tokens as shown in Tab. I.

To construct a tiny and more efficient network, we introduce
Efficient Temporal-Spatial Tokenization (ETST). Specifically,
in the temporal processing stream, X ∈ RT×J×2 is reshaped to
Xt ∈ R

T×(J·2) and subsequently embedded to Xt
′ ∈ RT×C . This

enables the model to track the global motion trends of all
joints across frames, enhancing spatio-temporal interactions
and the understanding of human motion. Similarly, in the
spatial stream, X ∈ RT×J×2 is reshaped to Xs ∈ R

J×(T ·2) and
then embedded to Xs

′ ∈ RJ×C , allowing the model to focus
on spatial interactions between joints over T frames.

ETST facilitates the fusion of spatio-temporal information
while effectively reducing computational complexity from
O(J2×T ×C)+O(T 2× J×C) to O(J2×C)+O(T 2×C). By
integrating the Low-pass Filter, the computational complexity
can be further reduced to O(J2 × C) + O(T 2

k × C). As the
number of temporal input frames increases (like PoseFomer [1]
with 243 frames and StridedFormer [55] with 351 frames), the
efficiency benefits become more apparent, making it suitable
for deployment on resource-constrained edge devices like the
Jetson Nano.

B. Hierarchical Mixers

The core of our encoder is composed of stacked Hierarchical
Mixers. We design spatial Hierarchical Mixers and temporal
Hierarchical Mixers to capture the spatial anatomical topology
and temporal kinematic topology, respectively.

1) Spatial Hierarchical Mixers: To learn hierarchical
human topology representations, the input Xs is split into three
parts: Xs

LJC, Xs
IPC, and Xs

GBI, which have equal dimensions

C′ = C/3 and are fed into corresponding modules: Local
Joint-level Connection (LJC), Intra-Part Constraint (IPC), and
Global Body-level Interaction (GBI) as shown in Fig. 4. These
modules construct the human topology from multiple semantic
levels: joint, part, and body.

a) Local joint-level connection: LJC mainly focuses on
joint-level features by leveraging GCNs [56] to model the
natural relations among joints locally. The graph-structured
human skeleton can be defined as G = (V , A), where V is
a set of J joints and A ∈ {0, 1}J×J is an adjacency matrix
representing the connection between joints. Given the input
Xs

LJC ∈ R
J×C′ , LJC aggregates neighboring joint features into

Y s
LJC, given by:

GCN(Xs
LJC) = D̃−

1
2 ÃD̃−

1
2 Xs

LJCW, (3)
Y s

LJC = Xs
LJC + GCN(σ(GCN(Xs

LJC))), (4)

where Ã = A + I, D̃ is the diagonal node degree matrix, W
is the weight matrix, and σ(·) denotes the GELU activation
function.

b) Intra-part constraint: Neglecting part-level features
of the human body often leads to special estimation errors.
Taking Fig. 5(a) as an example, the previous state-of-the-art
model [57] suffers from significant estimation errors on limb-
end joints, and these errors are regular for joints with different
Limb Degree of Freedoms (LDoFs), where LDoF denotes the
distance between the joints and the torso, e.g., the wrist with 3-
LDoF has a larger error than the elbow with 2-LDoF. A novel
IPC (see in Fig. 5(b)) is designed, which mainly focuses on
the part-level features within each limb through topological
constraints. Given the input X̃s

IPC = Xs
IPC + Y s

LJC, topological
constraints perform in two sets of joints: (I) Xs

1 ∈ R
8×C′

consists of end and 2-LDoF joints; (II) Xs
2 ∈ R

12×C′ consists of
all limb joints. Next, Xs

j , j ∈ {1, 2} are fed into two convolution
layers to generate limb features F s

j . Then, a channel MLP [54]
is adopted to aggregate information between different channels
for each limb feature:

F s
j = σ(Conv j(Xs

j )), j ∈ {1, 2}, (5)

F̃ s
j = F s

j + MLP(LN(F s
j )), (6)

where F̃ s
j are aggregated limb features, LN(·) denotes Layer

Normalization, Conv1 and Conv2 are convolution layers with
kernel sizes of 2 and 3, respectively. Based on the above F̃ s

j ,
we construct two topological constraints R j in Xs

j : (I) In R1,
3-LDoF joints in Xs

1 are replaced with F̃ s
1 ; (II) In R2, 3-LDoF

and 2-LDoF joints in Xs
2 are replaced with F̃ s

2 . Then, the
unprocessed joints are filled into the replaced Xs

j , and Y s
IPC,

the final output of IPC, can be represented as follows:

Y s
IPC = X̃s

IPC +R1(X̃s
IPC, F̃ s

1 ) +R2(X̃s
IPC, F̃ s

2 ). (7)

The aggregated limb feature F̃ s
j provides a holistic and more

stable representation of the limb’s motion. The Replacement
operation R j uses this robust feature to constrain the error-
prone distal joints, thereby severing the error propagation path.
Finally, the residual connection allows the network to learn a
corrective update based on this topological prior, leading to a
more kinematically consistent and accurate pose estimation.
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Fig. 4. Stacked Hierarchical Mixers are key in our encoder. Each Spatial Hierarchical Mixer consists of Local Joint-level Connection (LJC), Intra-Part
Constraint (IPC), and Global Body-level Interaction (GBI). Each Temporal Hierarchical Mixer effectively captures temporal features from local to global
extents by Instantaneous Motion Extraction (IME) and Global Coherence Perception (GCP).

Fig. 5. (a) Specific estimation error distribution caused by neglect of part-level
features; (b) Structure of Intra-Part Constraint (IPC) module.

c) Global body-level interaction: GBI is built by the self-
attention of Transformer, which can capture global contexts
across the whole human body [2], [17]. Given X̃s

GBI = Xs
GBI +

Y s
IPC as input, the GBI module can be formulated as:

Hi = Softmax(QsK sT /
√

C′)V s, i ∈ {1, . . . , h} (8)

MSA(X̃s
GBI) = Concat(H1,H2, . . . ,Hh)Wout, (9)

Ỹ s
GBI = X̃s

GBI + LN(MSA(X̃s
GBI)), (10)

where h is the number of attention heads, Qs,K s,V s are query,
key, and value matrices, which are calculated from X̃s

GBI by
linear transformations, Ỹ s

GBI is the output of the GBI module.
2) Temporal Hierarchical Mixers: To effectively extract

temporal multi-scale kinematic features, we design the tempo-
ral Hierarchical Mixers. This design includes two components:
(i) Instantaneous Motion Extraction (IME) module, based on
graph convolutional networks, captures local temporal features
such as acceleration and velocity between adjacent frames;
(ii) Global Coherence Perception (GCP) module, based
on self-attention mechanisms, learns periodic changes and
inherent coherence of motion, thereby fully leveraging the
kinematic features within long-term sequences.

Significantly, these mixers adopt a channel-split progressive
architecture rather than a simple serial or parallel structure
for efficient feature extraction. Specifically, channels are split
into several parts and allocated to distinct sub-modules (e.g.,
LJC, IPC, GBI, IME, and GCP). Meanwhile, the output from
the previous sub-module is input into the subsequent module
via residual-like connections, learning the human topological
features from local to global. Finally, the output of each sub-
module is concatenated and fed into an MLP network for
aggregation. To summarize, Hierarchical Mixers can aggregate
features from different levels and obtain a more expressive
representation, achieving a balance between feature extraction
and computational efficiency.

C. PoseCLR

In addition to the above explicit extraction of kinematic
and physical features of the human body, we observe that
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Fig. 6. PoseCLR is a contrastive learning architecture based on cross-view topological consistency. 2D poses of the same individual captured simultaneously
from different cameras are treated as positive pairs, while other 2D poses as negative pairs.

human topology exhibits consistency across multiple views
simultaneously. Building on this insight, we propose Pose-
CLR, a multi-view contrastive learning framework for implicit
extraction of human topological features (see Fig. 6). This
self-supervised learning approach consists of pre-training and
fine-tuning stages, extracting universal skeletal priors from
unlabeled multi-view 2D poses for more accurate 3D HPE.

1) Pre-training Stage: During the pre-training stage, we
utilize a memory-augmented architecture [47], [50] to align 2D
poses from different camera views. The goal is to maximize the
similarity between 2D poses of the same individual captured
simultaneously from various camera angles, as these poses
correspond to the same human topology in world coordi-
nates. We take the Human3.6M dataset for illustration, which
includes four camera viewpoints. In each iteration, we select
a 2D pose from a random viewpoint as the input into encoder
f . We employ NanoHTNet in Sec. III-A as the encoder,
which can be any 2D-to-3D lifting network, to encode the
input into universal high-dimensional human representations
h. Meanwhile, the poses from all four viewpoints are treated
as positive pairs and inputted into f̂ . Specifically, four f̂ are
the momentum updated version of f for four distinct views,
encoding these inputs into the topologic representations ĥ.
Subsequently, we employ the InfoNCE loss [59] to minimize
the distance between h and ŝ representing the same topology,
while maximizing the distance between features of different
topologies:

Lp = − log
exp(S(q, k+)/τ)

exp(S(q, k+)/τ) +
PK

i=0 exp(S(q, k−i )/τ)
, (11)

where q represents the feature vector, k+ denotes the positive
samples, k−i denotes the negative samples, S is the similarity
function, τ is the temperature parameter (a tunable hyperpa-
rameter) used to control the scale of the similarity scores,
and K indicates the number of negative samples. Notably, the
positive samples are subsequently stored in a first-in-first-out
memory bank, where they will serve as negative samples in
future iterations.

2) Finetuning Stage: The pre-training stage emphasizes
generic human body representations, while the finetuning stage
focuses on representations more aligned with the 3D HPE task.
Unlike previous networks with randomly initialized parame-
ters, we load encoder parameters f from the pre-training stage,
which benefits the network by: 1) Improving performance. Pre-
training enables the model to capture high-dimensional human
topological prior, further assisting in the comprehension of
human-based inputs; 2) Accelerating convergence. The model
does not require learning from scratch but refines upon pre-
learned features, which substantially reduces the training time.
In this phase, we introduce 3D pose labels and employ
the simple Mean Per Joint Position Error (MPJPE) loss for
supervised training:

L =

TX
t=1

JX
j=1



Y t
j − X̃t

j




2
, (12)

where Xt
j and Y t

j are the predicted and ground truth 3D poses
of j joint at t frame.

IV. EXPERIMENTS

A. Datasets and Evaluation

Human3.6M [19] is the most widely used indoor dataset
in the 3D HPE. There are 3.6 million images, 11 professional
actors, and 15 different actions in it. Following [17], [29],
[56], 5 subjects (S 1, S 5, S 6, S 7, S 8) are used for training and
2 subjects (S 9, S 11) are used for testing. For the metrics,
we adopt the mean per joint position error (MPJPE) and
Procrustes MPJPE (P-MPJPE). The MPJPE (i.e., Protocol 1)
measures the Euclidean distance between the ground truth
and estimated joints; the P-MPJPE (i.e., Protocol 2) is the
MPJPE after aligning the predicted results to the ground truth
by translation, rotation, and scale.

MPI-INF-3DHP [69] is also a challenging dataset consist-
ing of 1.3 million images from indoor and outdoor scenes.
There are three different scenes in its test set: studio with
a green screen (GS), studio without green screen (noGS),
and outdoor scene (Outdoor). Following [17], [56], and [67],
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TABLE II
QUANTITATIVE COMPARISONS WITH VIDEO-BASED METHODS ON HUMAN3.6M UNDER MPJPE AND P-MPJPE. FRAMES DENOTE THE NUMBER OF

FRAMES INPUT. RF IS THE EFFECTIVE RECEPTIVE FIELD OF THE INPUT SEQUENCE.FLOPS (FLOATING POINT OPERATIONS PER SECOND)
QUANTIFY COMPUTATIONAL COMPLEXITY. FPS (FRAME PER SECOND) IS IMPLEMENTED ON JETSON NANO

we report metrics of MPJPE, Percentage of Correct Keypoint
(PCK), and Area Under Curve (AUC).

B. Implementation Details

1) Pre-traing Stage: PoseCLR is pre-trained on the
Human3.6M dataset using one NVIDIA RTX 4090 GPU. The
50Hz camera frequency of this dataset means that chrono-
logically adjacent frames are highly correlated. If sampled
sequentially, these frames would populate the FIFO memory
bank with overly similar false negative samples, degrading
the contrastive task. To mitigate this sampling bias, PoseCLR
samples frames at equal intervals of slice(s) to ensure the
diversity and quality of negative samples in the memory bank.
We employ a learning rate of 0.001 and train 200 epochs for
effective extraction of human topological prior.”

2) Fintuning Stage: With pre-trained parameters, NanoHT-
Net converges at the optimal performance in 2 epochs,
compared to 20 epochs when trained from scratch. The pro-
posed NanoHTNet consists of 3 stacked spatial and temporal
hierarchical mixers. Notably, the channel dimension must be
a multiple of 48 (e.g., 144, 240, 384) because there are
eight heads in the MSA, three split channels in the spatial
Hierarchical Mixers, and two split channels in the temporal
Hierarchical Mixers. For a fair comparison, horizontal flip
augmentation is adopted referring to [1], [18], and [55].
Refinement module is only used in imaged-based compar-
isons to explore the best performance following our previous
work [20].

3) Edge Device Deployment: To accommodate deployment
on edge devices, we evaluate our NanoHTNet on the Jetson
Nano. Jetson Nano is equipped with a quad-core ARM Cortex-
A57 CPU, 4GB memory, and NVIDIA Maxwell with 128
CUDA cores and 0.5 TFLOPs (FP16), offering a small and
compact hardware setup ideal for integration into robots. How-
ever, this also imposes specific requirements on the parameters

and computational complexity of the algorithms deployed on
it.

C. Comparison With State-of-the-Art Results

1) Compared With Video-Based Methods: As shown in Tab.
II, existing Seq2Frame and Seq2Seq approaches fail to reach
real-time speed (30 FPS) on Jetson Nano. For the same video
sequence input, Seq2Frame methods output only intermediate
frames, achieving better performance but slower inference.
Seq2Seq methods match the input length, offering higher
efficiency but lower performance. To be competitive, Seq2Seq
methods often require extensive computation (MixSTE, and
STCFormer reach 3420 and 4346 MFLOPs, respectively).
In this case, our NanoHTNet based on Seq2Seq pipeline
leverages spatio-temporal priors to enhance structural under-
standing and significantly improves efficiency in processing
skeleton data. Despite having only 1.52MB in parameters
and 33 MFLOPS, NanaHTNet achieves impressive accuracies
of 44.5mm MPJPE and 35.2mm P-MPJPE. By extending
input frames (9→27) and channel dimension (240→384),
NanoHTNet-L outperforms other State Of The Art (SOTA)
methods in the speed-accuracy trade-off, achieving 43.5mm
MPJPE, 34.5mm P-MPJPE with only 4.4MB parameters and
156 MFLOPs. Moreover, its inference speed on Jetson Nano
further reach 112.76 FPS, satisfying real-time inference needs.

2) Compared With Image-base Methods: We compare our
NanoHTNet with state-of-the-art image-based methods on
Human3.6M. As shown in Tab. III (top part), the 2D keypoints
from the 2D detector CPN [14] are used as input, and our
NanoHTNet achieves the best results under both MPJPE
(47.6mm) and P-MPJPE (38.6mm). Moreover, MPJPE can
be further improved to 47.1mm under MPJPE and 38.0mm
under P-MPJPE after introducing PoseCLR. In particular, we
can observe that NanoHTNet with PoseCLR obtains the best
performance in all kinds of action in MPJPE. As shown in
Tab. III (bottom part), NanoHTNet with PoseCLR also reaches
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TABLE III
QUANTITATIVE COMPARISONS WITH IMAGE-BASED METHODS ON HUMAN3.6M UNDER PROTOCOL #1 (MPJPE) AND PROTOCOL #2 (P-MPJPE). 2D

KEYPOINTS DETECTED BY CPN ARE USED AS INPUTS IN THE TOP AND MIDDLE PART OF THE TABLE, AND THE GROUND TRUTH OF 2D POSES
ARE USED AS INPUTS IN THE BOTTOM PART OF THE TABLE

the best performance under MPJPE (31.9mm) using ground
truth 2D joints, outperforming [57] by 1.1mm.

Methods with PoseCLR. To validate the generality and
effectiveness of PoseCLR as a pre-training approach in 3D
HPE task, we employ three image-based methods (SemGCN
[32], MGCN [56], GraFormer [17]), three video-based meth-
ods (MixSTE [18], PoseFormerV2 [5], STCFormer [4]), and
our NanoHTNet as the encoder for training and testing. As
indicated in Table IV, the introduction of PoseCLR leads to
further improvements in the MPJPE metric across all methods
(e.g., 3.67% increase in the MPJPE metric for GraFormer
after incorporating PoseCLR). Furthermore, the training time
of finetuning is approximately one-tenth of that required for
training from scratch. This indicates that pre-training with

PoseCLR enables better initialization parameters embedded
with inherent priors of human body topology, which signif-
icantly enhance the accuracy and robustness of understanding
the human body for 3D HPE models.

Comparison on MPI-INF-3DHP. To evaluate the robust-
ness of our NanoHTNet and PoseCLR, we only train the model
on the Human3.6M and test it on more challenging MPI-
INF-3DHP directly, without any extra training and refinement.
As shown in Tab. V, our NanoHTNet achieves the best
performance on all various scenes. Additionally, loading pre-
trained parameters from Human3.6M into models (MGCN and
NanoHTNet) facilitates further performance enhancements.
This verifies the strong generalization of proposed NanoHTNet
and PoseCLR in unseen environments.
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TABLE IV

QUANTITATIVE COMPARISON OF SOTA METHODS WITH POSECLR ON
HUMAN3.6M UNDER MPJPE AND P-MPJPE

TABLE V

QUANTITATIVE COMPARISON ON MPI-INF-3DHP WITH FIVE METRICS.
HERE, ↑ INDICATES THE HIGHER, THE BETTER

D. Ablation Study

1) Impact of Model Components: Given the similar struc-
ture of the Spatial and Temporal Hierarchical Mixers, Spatial
Hierarchical Mixer is selected as a representative to inves-
tigate the impact of model components. As shown in the
top part of Tab. VI, NanoHTNet with only one single-level
module cannot achieve satisfactory performance, while the
combination of all proposed modules performs the best via
learning representations from various levels. Notably, IPC

Fig. 7. Ablation study for the effect of IPC module.

TABLE VI

ABLATION STUDY FOR COMPONENTS AND STRUCTURES. THE EVALUA-
TION IS PERFORMED ON HUMAN3.6M. WE SET NANOHTNET WITH

ONLY GBI SUB-MODULE AND ETST AS BASELINE

cannot work individually due to no operations on 0-LDoF
and 1-LDoF joints. To further investigate the influence of
IPC, we categorize the limb joints by LDoFs and calculate
the average MPJPE of joints in each category in Fig. 7. It is
obvious to find that the primary reduction in estimation errors
originates from distal limb joints (MPJPE on 1-LDoF, 2-LDoF
and 3-LDoF joints noticeably reduces by 2.3%, 8.7% and
12.3%, respectively), which can be attributed to the increased
number of topological constraints that these joints receive
as detailed in Sec. III-B: (i) 3-LDoF joints are constrained
by both 1-LDoF and 2-LDoF joints; (ii) 2-LDoF joints are
only constrained by 1-LDoF joints; (iii) 1-LDoF joints are not
subject to any constraints. Moreover, we observe that model
parameters significantly reduce via the introduction of the
ETST (31.75M → 1.52M) while maintaining performance,
which is highly beneficial for deployment on edge devices.
In summary, the efficiency of NanoHTNet is attributed to two
key factors: (1) ETST with efficient data mapping significantly
reduces parameters and computational complexity; (2) The
hierarchical design could capture multi-level spatio-temporal
priors, enabling effective understanding of the human body
and superior estimation with smaller model size.

2) Impact of Model Structures: As for the structures (mid-
dle part of Tab. VI), the serial structure exhibits competitive
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TABLE VII

ABLATION STUDY ON RF (RECEPTIVE FIELD, INPUT FRAMES BEFORE
DCT AND LF) AND FRAMES (INPUT FRAMES AFTER DCT AND LF).

THE EVALUATION IS IMPLEMENTED ON HUMAN3.6M

performance (46.0mm) due to the local-to-global learning; the
parallel structure can reduce parameters from 4.07M to 1.52M
due to the channel-split structure. The channel-split progres-
sive structure of NanoHTNet adopts residual connections and
combines the advantages of these two designs, which performs
the best (44.5mm) and maintains a small model size (1.52M).

3) Impact of Frames and Receptive Field: As illustrated
in Fig. 7, the receptive field significantly affects the overall
performance by capturing extensive spatio-temporal context,
while input frames determine the parameters and FLOPs. In
this work, the introduction of ETST enables NanoHTNet to
maintain a tiny model size, and frequency low-pass filter-
ing prevents size boosting as the receptive field expands.
For example, when the receptive field increases (27→81)
with the same input length (9 frames), NanoHTNet achieves
1.2mm improvement under MPJPE while the parameters and
FLOPs merely increase 0.02M (1.42M→1.44M) and 0.8M
(29.9M→30.7M), respectively. Notably, with larger receptive
fields and more input frames, the performance bottleneck shifts
towards the model size, prompting further exploration into how
these hyperparameters impact performance.

4) Impact of Hyperparameters in PoseCLR: We evaluate
different hyperparameter settings of PoseCLR in VIII. We
observe that: (i) More views (s = 4) are crucial for pre-
training; (ii) The increase of memory bank β brings limited
improvement to the MPJPE metric, thus β is set to 32,768
to balance memory usage and performance; (iii) Sampling
interval s effectively mitigates the noise from adjacent frames
as negative samples, yet a large interval reduces the training
database. PoseCLR performs optimally at s = 3; (iv) The
momentum update decay rate τ is optimal at 0.999, as high
or low values degrade performance by disrupting learning
stability.

5) Impact of Hyperparameters in NanoHTNet: As shown in
Tab. IX, we explore the hyperparameter settings of NanoHT-
Net. It can be seen that the channel dimension C and layers L
of the hierarchical mixing block have a significant impact on
the performance, and the combination of C = 240 and L = 3
works best. The reason for this is the inadequacy of parameters
in NanoHTNet for capturing the complex topological features
of the human body, leading to underfitting, while an overly

TABLE VIII

ABLATION STUDY ON HYPERPARAMETERS OF POSECLR. VIEWS (α) IS
THE NUMBER OF CAMERAS. MEMORY (β) IS THE SIZE OF THE MEM-

ORY BANK. SLICE (s) IS THE SAMPLING INTERVAL. DECAY (τ) IS
THE RATE OF MOMENTUM UPDATE

TABLE IX
ABLATION STUDY ON HYPERPARAMETERS OF NANOHTNET. LAYERS

REFER TO THE NUMBER OF STACKED MIXERS. DIMENSIONS REFER
TO THE INPUT CHANNEL. THE EVALUATION IS

IMPLEMENTED ON HUMAN3.6M

large model tends to overfit the training data, focusing on noise
instead of achieving generalization.

E. Visualization

1) Attention Visualization: In order to illustrate the effec-
tiveness of Hierarchical Mixers, we visualize the adjacency
matrix from LJC and IME, along with multi-head self-attention
maps from GBI and GCP. It can be observed in Fig. 8(a)
that the joints (e.g., Joint 3, Right Ankle) primarily pay
attention to themselves and their physically connected ones.
This demonstrates that LJC in NanoHTNet mainly focuses on
the most related local region. In addition, Fig. 8(b) shows that
the limb joints (e.g., Joint 3, Right Ankle) concentrate on the
other limb joints across limbs, which demonstrates the GBI
mainly learns the less adjacent global context among joints.
Similarly, Fig. 8(c) demonstrates that in the IME module, each
frame focuses on the local instantaneous features of adjacent
frames (e.g., the attention in frame 7 is primarily on frames 8
and 9). Fig. 8(d) illustrates that each frame pays more attention
to the global coherence and coordination of actions in the GCP
module (e.g., the attention in frame 15 is on frame 25 due to
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Fig. 8. (a) (b) Visualization of adjacency matrix from LJC and self-attention maps from GBI. The x-axis and y-axis correspond to the query of 17 joints.
(c) (d) Visualization of adjacency matrix from IME and self-attention maps from GCP. The x-axis and y-axis correspond to the query of 27 frames. Yellow
indicates stronger attention. Attention values are normalized from 0 to 1.

Fig. 9. Qualitative results of NanoHTNet in wild scenes.

Fig. 10. Qualitative comparison between our method, previous SOTA method,
and ground truth on Human3.6M.

the cyclical repetition of similar actions). Overall, these results
prove that our Hierarchical Mixers can effectively extract mul-
tiple semantic level features according to the spatio-temporal
hierarchy of the human topology. Additionally, different sub-
modules sequentially extract features at specific target levels,
which aligns well with our original design intent.

2) Visualization in Wild Scenes: As illustrated in Fig. 9, the
following indoor and outdoor sports are selected from online
video websites for evaluation: alpine skiing, badminton, bas-
ketball, skateboarding, mountain biking, and surfing. Although
some complex and self-occlusion poses in these images are
unseen or rare on Human3.6M, our NanoHTNet can produce
accurate and plausible 3D poses owning to the comprehensive
understanding of human spatial-temporal topology.

3) Qualitative Comparison of Visualization: Fig. 10
provides qualitative comparisons on Human3.6M between
NanoHTNet and the state-of-the-art approach, i.e., STCFormer
[4]. It can be seen that our method produces more precise 3D
keypoints at the ends of limbs, demonstrating its effectiveness.

V. CONCLUSION

In this work, we leverage spatio-temporal priors of human
body to improve model efficiency in 3D human pose estima-
tion. First, we propose a nano network namely NanoHTNet
based on the explicit human features, which captures spa-
tial hierarchical features and temporal multi-scale kinematics
of the human topology. Furthermore, we integrate Effi-
cient Temporal-Spatial Tokenization and Low-pass Filtering
to achieve more efficient data processing and computation.
Second, further based on cross-view spatio-temporal topo-
logical consistency, a contrastive learning approach PoseCLR
is proposed to capture implicit features of the human body.
Extensive experiments validate that NanoHTNet achieves
outstanding performance and efficiency, enabling real-time
inference on computationally constrained devices like Jetson
Nano. Moreover, as a general pre-training approach for the 3D
HPE, PoseCLR effectively optimizes the initialization param-
eters for various encoders, further improving performance.
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