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Abstract. In the research field of analysis of people, generating pre-
cise full-body human motion from sparse tracking is a significant chal-
lenge. It is well known that diffusion techniques excel in generating
high-quality two-dimensional (2D) visual content. However, when ap-
plied to human motion reconstruction, they might struggle to capture
the inherent complexities of human motion, which is characterized by
three-dimensional (3D) anatomical features and one-dimensional (1D)
temporal dynamics. This heterogeneous structure between human mo-
tion and images can lead to accumulated errors at the joints, affect-
ing the accuracy and smoothness of the generated motions. Building
on this insight, we propose Human Anatomy Diffusion (HAD), a novel
framework that integrates human anatomical features into the denoising
process and excels in handling complex motions, accurately capturing
body angles and balance, and showing enhanced alignment in motion
prediction. HAD remarkably advanced the performance of motion re-
construction, notably enhancing smoothness by 81.29% compared to the
previous state-of-the-art works and improving key accuracy metrics like
MPJPE, Root PE, and Lower PE by approximately 20% on AMASS.
Our method provides a crucial advancement for creating realistic and
responsive virtual avatars in real-world applications. The project page is
at: https://niuzehai.github.io/had/.
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Fig. 1: Sequential visualization of full-body pose estimation using the HAD method
from sparse tracking inputs. The red coordinate axes represent the Head-Mounted
Display (HMD) tracking, while the green and blue coordinate axes correspond to the
left and right hand tracking, respectively. The Human Anatomy Diffusion represents a
full-body motion capture technology applicable to VR or AR environments.

1 Introduction

In the contemporary field of artificial intelligence research, a critical challenge lies
in the nuanced understanding and accurate simulation of human motion and be-
havior. Specifically, in the domain of motion generation, research focusing on de-
riving human motion from various modalities, such as text-to-motion [17,20,34]
and audio-to-motion [4, 12, 31], has attracted considerable interest. However,
the human motions generated by these methods often fail to meet the user’s
expectations, especially regarding accuracy. Methods that utilize RGB cam-
eras [14, 24, 37] or single head-mounted fisheye cameras [27–29] are particularly
susceptible to influence from occlusion and truncation, which can compromise
the smoothness and authenticity of the generated human motion. As a result,
these methods may not fully align with the natural motions people anticipate.

Recently, more researchers have focused on synthesizing full-body motion
poses from sparse tracking inputs. In the research field of analysis of people, par-
ticularly in cognition and interaction domains, the utilization of Head-Mounted
Displays (HMDs) and other spatial computing devices, such as AR and VR,
for motion reconstruction is gaining increasing traction [11]. Compared to tradi-
tional Inertial Measurement Unit (IMU) motion capture [22] and methods based
on six IMUs [32,33,36], capturing full-body posture with fewer trackers offers a
less invasive and more cost-effective solution. While spatial computing devices
inherently track human and hand rotations and positions, they often lack com-
prehensive capture of full-body motion, particularly in the lower body.



Motion Reconstruction via Human Anatomy Diffusion from Sparse Tracking 3

Recent advances in motion reconstruction based on sparse tracking, such as
the diffusion-based techniques, such as AGRoL [7], have made significant contri-
butions. However, these methods lack the ability to fully encompass the complex
dynamics of human motions. In particular, they often overlook the anatomical
structure of the human body and the causal, one-dimensional temporal nature of
human movement. This oversight can lead to cumulative errors at joints and di-
minish the accuracy and smoothness of the generated motions. Therefore, there
is a pressing need for more advanced methods that can accurately capture both
the anatomical and temporal characteristics of human motion.

Distinct from previous methods, our approach overcomes the aforementioned
issues of joint errors and unnatural motions seen in previous methodologies. By
focusing on the anatomical and temporal aspects of human movement, the pro-
posed method significantly improves upon the current state-of-the-art methods
in both accuracy and smoothness of motions. Building on these foundations, our
contributions to the field are threefold:

– A powerful motion reconstruction network named Human Anatomy Net-
work (HAN) is proposed, which uses a hierarchical structure to process vari-
ous body segments, enhancing motion dynamics representation. It leverages
techniques like Latent Space Mapping, Iterative Feature Enhancement, and
Temporal Feature Pyramid, coupled with Hierarchical Motion Refinement,
to significantly improve motion prediction and refinement.

– Based on HAN, we further introduce a novel diffusion-based framework, Hu-
man Anatomy Diffusion (HAD). It integrates human anatomical features
into the denoising process of motion generation. This novel method effec-
tively captures the complex dynamics and structural intricacies of human
motions.

– Extensive experiments have been conducted on the widely-used AMASS
benchmark. The results show that our proposed method can boost motion
smoothness by 81.29% and accuracy in key metrics by around 20%, showing
potential for applications in realistic, interactive VR and AR scenarios.

2 Related Work

Full-Body Pose Tracking from Sparse Motion Sensing. Generating full-
body posture from sparse tracking signals of body joints has become a field of
considerable interest in the research community. Lots of previous work on this
field such as [10, 26, 32] has used up to 6 body-worn inertial sensors, which are
commonly distributed over head, arms, pelvis and legs, making motion capture
inflexible and clumsy. To overcome this limitation, CoolMoves [1] was first to
estimate full body posture using only 3 tracking signals from headphones and
handheld controllers. However, the proposed KNN-based method interpolates
poses from a smaller dataset with only specific motion, resulting in high er-
rors when applied to larger benchmarks with diverse subjects and activities.
Recently, AvatarPoser [11] used a transformer-based architecture to solve the
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3-point problem. DAP [5] proposed a dual-path attention scheme to extract fea-
tures of the sparse signals. Other methods considered tracking the full body
from sparse inputs as a conditional generation problem. For instance, Dittadi
et al. [6] proposed a Variational Autoencoder (VAE) method, which encodes all
joints relative to the pelvis. However, it implicitly takes knowledge of the pelvis
as the fourth input position, leaving the highly ill-posed problem with only three
inputs unsolved.
Denoising diffusion models. Starting from the field of image generation, de-
noising diffusion models [2, 9, 16, 19, 23] have gained significant attention due to
their ability to produce high-quality results and is better suited for handling
large amounts of data. They learn a probabilistic model over a denoising process
on inputs, which is supervised to gradually denoise a Gaussian noise to a tar-
get output. Moreover, diffusion models can support conditional generation. For
instance, ILVR [3] guided the generative process in DDPM [9] to generate high-
quality images based on a given reference image. GLIDE [18] explored diffusion
models for the problem of text-conditional image synthesis. Recent advance has
extended diffusion models to motion synthesis [13, 25, 35]. However, these mod-
els particularly focused on the text-to-motion task, with little attention paid to
tracking the full body from sparse inputs. AGRoL [7] presented the first diffu-
sion model solely purposed for solving motion reconstruction from sparse inputs.
However, it did not fully consider the complex hierarchical structure of human
anatomy. Our method, Human Anatomy Diffusion, innovatively overcomes this
issue and thus generates more accurate and smoother human motions.

3 Methodology

In this paper, we focus on the task of full-body motion reconstruction from
sparse tracking inputs, i.e. the positional and rotational data from a headset
and two handheld controllers. This section starts by introducing the formulation
briefly in Section 3.1 and then describes the detailed architecture of the Human
Anatomy Network (HAN) for motion reconstruction in Section 3.2, based on
which we further introduce the proposed Human Anatomy Diffusion (HAD) in
Section 3.3. Finally, we introduce the adopted loss function of our method in
Section 3.4.

3.1 Formulation

A sequence of sparse human motion containing N frames can be represented by
c = {ci}Ni ∈ RN×C , where C represents the dimensions of the observed joint
features. The goal is to predict the corresponding full-body poses x = {xi}Ni ∈
RN×K , where K represents the dimensions of the full-body joint features. We
adopt the SMPL [15] model to represent human poses and follow the practice of
disregarding the joints on the hands and face in [6, 7, 11].

In our method, we consider the motion prediction task as a conditional gen-
eration problem, where the sparse tracking serves as the conditioner. Specifically,
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a novel diffusion model detailed in Section 3.2 and Section 3.3 is employed to
generate full-body poses. Assume pmotion to be the distribution of the full-body
poses in the dataset, in the forward diffusion process, we gradually add Gaus-
sian noise into the clean data distribution pmotion until the output distribution
is close to an isotropic Gaussian distribution. Taking a sample data pair (x 0, c)
as an example, the diffusion process from clean data x 0 to xT is defined as

q (x 1, · · ·,xT | x 0) =

T∏
t=1

q (x t | x t−1), (1)

where q (x t | x t−1) := N
(
x t;

√
αtx t−1, (1− αt) I

)
, the hyperparameters αt are

predefined positive constants, and xT tends to an isotropic Gaussian distribution
when T → ∞. The reverse diffusion process is conditioned on the sparse tracking
inputs c. We train a diffusion model pθ to predict and eliminate the noise added
in the diffusion process. Let xT ∼ N (0, I ) be a latent variable. The reverse
process from latent xT to clean data x 0 is defined as

pθ (x 0, · · ·,xT−1 | xT , c) =
T∏

t=1

pθ (x t−1 | x t, c), (2)

where pθ (x t−1 | x t, c) := N
(
x t−1;µθ(x t, c, t), σ2

t I
)
. The mean µθ(x t, c, t) is

a neural network parameterized by θ and the variance σ2
t is a time-step de-

pendent constant. The parameterization is σ2
t = 1−αt−1

1−αt
(1 − αt), µθ(x t, c, t) =

1√
αt
(x t − 1−αt√

1−αt
ϵθ(x t, c, t)), where αt =

t∏
i=1

αi. Following [21], we directly pre-

dict the clean body poses x 0 instead of predicting the residual noise ϵθ(x t, c, t)).
Therefore, the objective function in training can be formulated as

L(θ) = Ex0∼pmotion

[
∥x 0 − x̂ 0∥22

]
, (3)

where the x̂ 0 denotes the output of the proposed diffusion model.

3.2 Human Anatomy Network

As illustrated in Figure 2, the proposed Human Anatomy Network(HAN) con-
sists of four components: Latent Space Mapping (LSM), Iterative Feature En-
hancement (IFE), Temporal Feature Pyramid (TFP) and Hierarchical Motion
Refinement (HMR). In particular, LSM maps the input features into a uni-
fied latent space for subsequent processing. Then IFE takes the coarse features
from LSM as input and enhances them for better representation. To further im-
prove the smoothness and coherence of the generated motions, MTP is applied
to integrate multi-scale temporal motion features and output coarse predictions.
Finally, inspired by the human body structure, HMR adopts a hierarchical archi-
tecture to refine the obtained predictions for more natural and accurate motion.
The detailed architectures of each module are as follows.
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Fig. 2: The architecture of Human Anatomy Network (HAN). Taking nosiy human
motions x t and sparse tracking c as input, we adopt a dual-path approach for mo-
tion generation. In particular, smooth Prediction (SP) focuses on motion smoothness,
whereas Accuracy Prediction (AP) emphasizes spatial accuracy, with both paths con-
verging to refine full-body motion hierarchically.

Latent Space Mapping: At time step t, fully connected layers are first applied
to map the noisy motion poses x t ∈ RN×K and the observed joint features
c ∈ RN×C to a unified latent space. Then we can obtain the corresponding
latent features fx ∈ RN×D and fc ∈ RN×D, where D denotes the dimension of
latent features.

Subsequently, the diffusion step t is transformed into a step embedding vector
ft, which is concatenated with fx and fc and input into the BasicBlock for further
processing. Note that ft will be injected repetitively into each BasicBlock to
prevent the information loss of time step embedding [7]. We denote the output
of this step as fL. The architecture of BasicBlock is described in detail in the
supplemental material.
Iterative Feature Enhancement: Due to the insufficient interaction of fea-
tures for each frame in LSM, we employ IFE to enhance the motion features
fL to obtain more robust representation, noted as fI . In particular, we adopt
an iterative approach to gradually enhance the motion features. The number of
iterations is noted as M and the output of the j-th iteration is noted as f j

I .
Taking the j-th iteration as an example, the refinement in this iteration can be
mathematically expressed as:

f j
I = f j−1

I +BasicBlock(f j−1
I ), (4)

where f0
I is initialized as fL.

Upon completing all iterations, the final output is fI = fM
I , which represents

the enhanced motion features.
This iterative refinement process, facilitated through the BasicBlock, is essen-

tial for achieving precise and reliable full-body motion predictions. Experiments
in Section 4.5 have demonstrated the vital importance of this refinement.
Temporal Feature Pyramid: Considering that distinct actions correspond to
different time scales, we apply TFP to further improve the smoothness of the
predictions.
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Let S = {s1, ···, sL} be the set of L downsampling multiples. For the i-th scale
factor si ∈ N, fI is first downsampled by a scale factor of si. Then a BasicBlock is
applied to process these downsampled features and output intermediate features
f̃ i
T ∈ R

N
si

×D. Subsequently, we utilize MLP to increase the sequence length of
f̃ i
T back to N and the corresponding features are noted as f i

T .
To aggregate these multi-scale outputs, the final output fT is the normalized

sum of the features from each scale:

fT =
1

L

L∑
i

f i
T . (5)

By aid of this multi-scale refinement process, we transition fI into more
robust motion features fT , which effectively capture motion dynamics across
different temporal resolutions and enhance the smoothness of full body. We de-
note the approach of directly using fT for prediction as Smooth Prediction
(SP). However, in the experiment we found that SP tends to cause excessive
smoothing of upper body pose, leading to suboptimal accuracy. Therefore, we
propose Accurate Prediction (AP) to ensure the accuracy of predictions. As
illustrated in Figure 2(b), fI and fT are utilized to predict the upper body pose
x̂upper
t−1 and lower body pose x̂ lower

t−1 , respectively. Then we merge x̂upper
t−1 and

x̂ lower
t−1 to get the full body posture x̂ t−1. Given that fI contains accurate upper

body information while fT captures information from different time scales, the
separated prediction method ensures accuracy while also considering smooth-
ness. The influence of two approaches will be discussed in Section 4.5.
Hierarchical Motion Refinement: Inspired by the human body structure,
we adopt a hierarchical approach for motion refinement. As shown in Figure 2,
we begin by partitioning the coarse predictions x̂ t−1 ∈ RN×K into three distinct
parts: x̂ torso

t−1 ∈ RN×Kt , x̂ arms
t−1 ∈ RN×Ka and x̂ legs

t−1 ∈ RN×Kl , where K = Kt +
Ka +Kl. Each part corresponds to different positions, i.e. torso, arms and legs.
Then we encode the three parts separately:

f torso
t−1 = TorsoEncoder(x̂ torso

t−1 ), (6)
farms
t−1 = ArmsEncoder(x̂ arms

t−1 ), (7)

f legs
t−1 = LegsEncoder(x̂ legs

t−1). (8)

The architectures of the three encoders are the same. In particular, we use
linear layer, BasicBlock and linear layer in turn to extract the motion features.
Subsequently, we apply a hierarchical approach to refine the three body parts,
respectively. The process is represented as:

x torso
t−1 = FC(f torso

t−1 ), (9)

x arms
t−1 = FC(Concat(f torso

t−1 , farms
t−1 )), (10)

x legs
t−1 = FC(Concat(f torso

t−1 , farms
t−1 , f legs

t−1 )), (11)

where FC means fully connected layers. Finally, we merge x torso
t−1 , x arms

t−1 and x legs
t−1

to obtain the well-refined full-body poses x t−1.
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Fig. 3: Schematic representation of Human Anatomy Diffusion. This framework inte-
grates Human Anatomy Network with diffusion-based motion prediction, employing
Parallel Motion Regression (PMR) and Alternate Motion Refinement (AMR) for gen-
erating precise human motion.

This hierarchical and anatomically aware approach allows for a more nuanced
representation of human motion. By treating each body part separately and then
recombining them, we achieve a more comprehensive and realistic depiction of
the full-body motion.

3.3 Human Anatomy Diffusion

As mentioned in the previous section, Smooth Prediction (SP) is beneficial for
smooth motion prediction but will lead to suboptimal accuracy for the upper
body. On the contrary, Accurate Prediction (AP) can generate more accurate
predictions but cannot ensure the smoothness of motion, especially in the lower
body.

To address the limitations of using a single approach, we propose a novel
architecture, called Human Anatomy Diffusion (HAD), which is based on the
Human Anatomy Network (HAN). As shown in Figure 3, it utilizes AP and
SP simultaneously to generate both accurate and smooth predictions. Specifi-
cally, the proposed architecture consists of two phase: Parallel Motion Regression
(PMR) and Alternate Motion Refinement (AMR). Following are the detailed ar-
chitectures of these two phases.
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Parallel Motion Regression: We denote the HAN using SP and AP for pre-
diction as HAN-SP (ms) and HAN-AP (ma), respectively. Considering the ad-
vantages of each method, we adopt a dual path approach to predict the upper
and lower parts of the human body separately.

In particular, the noisy motion poses x t, the observed joint features c and
the time step t are input into ms and ma, respectively. Then we can get two
corresponding outputs x s

t−1 and xa
t−1, which are formulated as:

p
(
x s
t−1 | x t, c

)
:= N

(
x s
t−1;ms (x t, c, t) , σ2

t I
)
, (12)

p
(
xa
t−1 | x t, c

)
:= N

(
xa
t−1;ma (x t, c, t) , σ2

t I
)
, (13)

where x s
t−1 and xa

t−1 are both full-body poses. Then we extract poses x lower
t−1

and xupper
t−1 of the upper and lower bodies separately, which are subsequently

merged to form the full-body poses x t−1.
This stage is crucial for generating accurate and smooth predictions, paving

the way for a more nuanced and realistic synthesis of human movement.
Alternate Motion Refinement: To further improve the performance of the
network, we employ a sequential method to refine x t.

Distinct from the parallel approach adopted by PMR, at this phase, we grad-
ually refine motion predictions by applying ma and ms in sequence.

Specifically, the sequential refinement process is defined as follows:

p (x t−1 | x t, c) := N
(
x t−1;ma (x t, c, t) , σ2

t I
)
, (14)

p (x t−2 | x t−1, c) := N
(
x t−2;ms (x t−1, c, t− 1) , σ2

t−1I
)
. (15)

AMR meticulously refines the motion predictions through a serialization pro-
cess. In the experiment, this phase is of vital importance for enhancing the ac-
curacy and naturalness of human motion synthesis.

3.4 Loss Function

In training, the loss function adopted for HAN consists of two components:
Intermediate Supervision (IS) and Final Supervision (FS), both of which are
calculated in the same way as Equation 3.

To be concrete, the IS is utilized to minimize the difference between the
coarse motion predictions and ground truth. Therefore, the total loss can be
computed as

Ltotal = Lcoarse + Lfinal, (16)

where Lcoarse is the introduced IS, while Lfinal is the L2 distance between final
predictions and ground truth.

For inference, two pretrained HANs (ms and ma) are applied to construct
HAD. It is worth noting that we did not retrain HAD but directly used the
parameters of ms and ma. Assuming R steps are used in the reverse diffusion
process, we assign Rp and Ra steps to PMR and AMR, respectively. Note that
R = Rp +Ra.
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4 Experiments

4.1 Datasets

Our research primarily employs the AMASS dataset for training and evaluation,
in line with current standards in the field. Following [11], we concentrate on
the CMU, BMLr, and HDM05 subsets. Human poses are represented using the
SMPL model [15], with a focus on the root joint’s global orientation and the
relative rotations of other joints.

4.2 Metrics

The key metrics for evaluation can be divided into three categories: 1) Rotation-
Oriented Metrics, with Mean Per Joint Rotation Error (MPJRE) in degrees for
rotational accuracy; 2) Velocity-Oriented Metrics, featuring Mean Per Joint Ve-
locity Error (MPJVE) in cm/s [11] and Jitter [8] in 102m/s3 for joint velocity
and motion smoothness; and 3) Position-Oriented Metrics, assessing spatial ac-
curacy through Mean Per Joint Position Error (MPJPE) in centimeters, and
specific errors like Root PE, Hand PE, and Upper and Lower PE for different
body parts [7].

4.3 Implementation Details

We represent the joint rotations by the 6D reparametrization due to its simplic-
ity and continuity. Therefore, for the sequences of body poses x ∈ RN×K ,K =
22× 6. The observed joint features c ∈ RN×C consist of the orientation, trans-
lation, orientation velocity and translation velocity of the head and hands in
global coordinate system. Additionally, we adopt 6D reparametrization for the
orientation and orientation velocity, thus C = 18 × 3. Unless otherwise stated,
we set the frame number N to 196. We used PyTorch as the deep learning frame-
work and trained our model on a computer with an Intel i9-9900K CPU and an
NVIDIA GTX3090 GPU. In addition, our network used Adam optimizer with a
base learning rate of 0.0003.

4.4 Comparison with State-of-the-Art Methods

As shown in Table 1, the proposed HAD demonstrates remarkable advancements
over the current state-of-the-art technique, AGRoL [7]. Key performance met-
rics from the AMASS dataset show HAD’s superiority: a reduction in MPJRE
by 14.29%, an improvement in MPJPE by 18.87%, and a 16.46% betterment in
MPJVE. It is worth noting that HAD has improved the motion accuracy of the
hands, upper body, and lower body by 8.4%, 15.48%, and 19.88%, respectively.
The improvement in overall jitter compared to the real motion (GT) and the pre-
vious state-of-the-art (SOTA) is approximately 81.29%, while the improvement
in upper body jitter is about 90.58%.
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Table 1: Performance comparison of our methods with SOTA approaches on AMASS.

Method MPJRE ↓ MPJPE ↓ MPJVE ↓ Hand PE ↓ Upper PE ↓ Lower PE ↓ Root PE ↓ Jitter ↓ Upper Jitter ↓ Lower Jitter ↓
LoBSTr [30] 10.69 9.02 44.97 - - - - - - -
CoolMoves [1] 5.20 7.83 100.54 - - - - - - -
VAE-HMD [6] 4.11 6.83 37.99 - - - - - - -
AvatarPoser [11] 3.08 4.18 27.70 2.12 1.81 7.59 3.34 14.49 7.36 24.81
DAP [5] 2.69 3.68 24.03 - - - - - - -
AGRoL-MLP [7] 2.69 3.93 22.85 2.62 1.89 6.88 3.35 13.01 9.13 18.61
AGRoL [7] 2.66 3.71 18.59 1.31 1.55 6.84 3.36 7.26 5.88 9.27
HAN-SP (Ours) 2.41 3.31 16.59 1.75 1.50 5.91 2.87 4.69 3.93 5.78
HAN-AP (Ours) 2.40 3.18 16.42 1.15 1.37 5.79 2.90 7.35 5.66 9.79
HAD (Ours) 2.29 3.03 15.45 1.15 1.30 5.52 2.71 4.61 3.86 5.70
GT 0 0 0 0 0 0 0 4.00 3.65 4.52

Dynamic Comparison
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Ground
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Ours

Ground
Truth
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Fig. 4: Visual comparison of motion prediction accuracy between the AGRoL method,
our method, and the ground truth for dynamic and static motions. The error mapping
colors range from green, indicating high accuracy, to red, signifying greater errors.

Figure 4 presents a visual comparison across different methods. Our qual-
itative assessment emphasizes two critical aspects: dynamic and static motion
comparisons. Through a series of colors ranging from green to red, we illustrate
the varying precision of predictions, with redder indicating the larger error. In
dynamic comparisons, our HAD achieves remarkably precise full-body predic-
tions from merely three sparse tracking points, even during vigorous movements
such as kicks. The static comparison encompasses complex actions like Spread
Arms, Crouch, and Kneeling, as well as common activities such as Running,
Jogging, and Walking. HAD can capture subtle body angles and balance nu-
ances, especially in complex stances and rapid movements. which gives it the
excellent ability for realistic motion capture. The dynamic analysis, as depicted
in Figure 5, encompasses various dynamic activities, including complex motions,
physical exercises, swimming, and soccer. Our method distinguishes itself by
capturing the intricacies of these movements more accurately, achieving a closer
resemblance to ground truth than the AGRoL method.
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Swimming Soccer

Fig. 5: Comparative visualization of dynamic motion prediction between the AGRoL
method (top), our proposed approach (middle), and the ground truth data (bottom).
Our method exhibits more accurate pose estimation, particularly in dynamic motions,
as evidenced by its closer resemblance to the ground truth.

In addition to high-quality predictions, the proposed HAD (running on GTX
3090 GPU) also demonstrates extraordinary efficiency. It owns an average pro-
cessing time of just 0.33 ms per pose, translating to a frame rate of 3014 FPS.
We believe that further leaps in speed can be achieved with model optimization.
This high performance suggests HAD has the potential for real-time HMD-driven
avatar animation in realistic applications.

4.5 Ablation Studies

In this section, we conduct extensive ablation studies for our Human Anatomy
Diffusion (HAD) architecture, which is structured into three core components:
the Motion Initialization Network, the Human Anatomy Network, and the Hu-
man Anatomy Diffusion process.
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Table 2: Ablation study on the Human Anatomy Network’s architecture and the
influence of individual loss terms, with Intermediate Supervision (w/ IS) and without
Intermediate Supervision (w/o IS). The study examines the effect of LSM, IFE, TFP,
and HMR components on joint position (MPJPE) and motion smoothness (Jitter).

Method LSM IFE TFP HMR MPJPE ↓ Jitter ↓
LSM ✓ 3.75 8.62

LSM + IFE ✓ ✓ 3.42 14.75
LSM + TFP ✓ ✓ 3.59 5.88

LSM + IFE + TFP (SP) ✓ ✓ ✓ 3.33 5.88
LSM + IFE + TFP (AP) ✓ ✓ ✓ 3.30 8.51

HAN-SP (w/o IS) ✓ ✓ ✓ ✓ 3.48 6.66
HAN-SP (w IS) ✓ ✓ ✓ ✓ 3.31 4.69

HAN-AP (w/o IS) ✓ ✓ ✓ ✓ 3.31 7.99
HAN-AP (w IS) ✓ ✓ ✓ ✓ 3.18 7.35

Table 3: Ablation results for Human Anatomy Diffusion components, detailing their
impact on MPJRE, MPJPE, MPJVE, and Jitter metrics.

Method PMR AMR MPJRE ↓ MPJPE ↓ MPJVE ↓ Jitter ↓
PMR ✓ 2.40 3.19 17.48 8.42
AMR ✓ 2.32 3.10 16.50 8.10
HAD ✓ ✓ 2.29 3.03 15.45 4.61

Architecture of the Human Anatomy Network. As show in Table 2,
we evaluate the impact of each component on HAN. LSM serves as a key en-
coding strategy, setting the stage for further enhancements. Adding IFE to LSM
improves MPJPE, but increases motion jitter. Incorporating the TFP with LSM
significantly enhances motion smoothness, reducing jitter effectively. To balance
accuracy and smoothness, we develop two specialized predictions: LSM + IFE
+ TFP (SP) for smoothness and LSM + IFE + TFP (AP) for spatial accuracy.
Integrating the Hierarchical Motion Refinement (HMR) module into these pre-
dictions results in HAN-SP and HAN-AP. With intermediate supervision (w/
IS), HAN-SP achieves the lowest jitter (4.69), and HAN-AP attains the best
MPJPE (3.18), demonstrating the effectiveness of structured refinements. For
a comprehensive overview of all metrics and their detailed analysis, readers are
directed to the Supplemental Material.

Two phases of Human Anatomy Diffusion. In the ablation study high-
lighted in Table 3, PMR alone achieved an MPJRE reduction to 2.40 and a
Jitter decrease to 8.42, showcasing its effectiveness in improving motion accu-
racy and smoothness. When AMR was applied, it further reduced MPJRE to
2.32 and Jitter to 8.10, enhancing the model’s performance. The integration of
both PMR and AMR in the HAD framework resulted in the most significant
improvements, with the lowest MPJRE of 2.29 and Jitter of 4.62, indicating a
marked enhancement in both accuracy and the smoothness of generated motions.

Number of Sampling Steps during Human Anatomy Diffusion In-
ference. As summarized in Table 4, using 25% PMR in 8 sampling steps can
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Table 4: Ablation results for Percentage of PMR and Sampling Step, detailing their
impact on MPJRE, MPJPE, MPJVE, and Jitter metrics.

Percentage of PMR Sampling Steps R MPJRE ↓ MPJPE ↓ MPJVE ↓ Jitter ↓

25% 8 2.29 3.03 15.45 4.61
50% 8 2.29 3.03 15.49 4.63
75% 8 2.31 3.08 15.73 4.66

25% 2 2.58 3.68 17.22 7.04
25% 5 2.31 3.07 15.55 4.61
25% 8 2.29 3.03 15.45 4.61
25% 10 2.30 3.04 15.84 7.19
25% 100 2.33 3.05 16.48 7.32
25% 1000 2.36 3.10 16.58 4.98

Table 5: Results of cross-dataset evaluation between different methods.

Method Dataset MPJRE ↓ MPJPE ↓ MPJVE ↓ Hand PE ↓ Upper PE ↓ Lower PE ↓ Root PE ↓ Jitter ↓

AGRoL [7]
BMLrub 2.33 2.99 17.95 1.07 1.29 5.45 2.65 7.25

CMU 3.11 4.71 19.31 1.67 1.92 8.73 4.38 7.45
HDM05 2.96 4.43 20.92 1.98 1.84 8.17 3.87 7.66

HAD
BMLrub 2.04 2.60 15.49 0.95 1.11 4.75 2.26 5.18

CMU 2.67 3.65 15.39 1.40 1.57 6.65 3.37 3.91
HDM05 2.26 3.06 15.39 1.40 1.34 5.54 2.69 3.40

achieve the best performance, with the lowest MPJRE and jitter of 2.29 and
4.61, respectively. This configuration also yields the best MPJPE and MPJVE.
Additionally, too many sampling steps can’t improve accuracy continuously and
will result in higher computational load.

Cross-dataset evaluation. In the cross-dataset evaluation detailed in Ta-
ble 5, HAD outshines AGRoL, showing marked improvements in complex motion
datasets HDM05 and CMU, with MPJPE and MPJVE reductions of 30.93% and
26.40% on HDM05, and 22.51% and 20.48% on CMU, respectively. The quantita-
tive analysis shown in Figure 4 and our comprehensive cross-dataset evaluations
compellingly validate our method’s effectiveness in accurately predicting com-
plex motions.

5 Conclusion and Limitation

This paper introduces Human Anatomy Diffusion (HAD), an innovative ap-
proach for generating human motion from sparse tracking. HAD significantly
advances the state-of-the-art by integrating human anatomy into the denois-
ing diffusion process. Our method fully considers the complex dynamics and
structural intricacies of human motion, leading to substantial improvements in
smoothness and accuracy metrics. The proposed architecture enables HAD to
generate more accurate and natural human motions, demonstrating its potential
in virtual reality and interactive applications. Despite the significant progress,
our method still faces challenges with tracking loss, sequence delay, and complex
samples, which will be crucial directions for future research.
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