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ABSTRACT Motion capture data lack physical constraints such as ground reaction forces and joint
torques, leading to penetration and imbalance in the resulting three-dimensional animations. This paper
proposes a constraint-adversarial physics-aware reconstruction method for sports skill animation. Physical
priors are embedded into motion features through graph convolutional encoding with a differential
dynamics loss function. A policy network is then trained via Proximal Policy Optimization, whose reward
function combines a Dynamic Time Warping-based style term with angular momentum conservation
and contact point stability terms to generate joint driving torques. The poses are updated through
implicit integration, and penetration errors are corrected by a Signed Distance Field closed-loop module.
Experimental results demonstrate that the method achieves a mean joint position error of 2.3 cm, a physics
validity score of 0.92, an average reconstruction time of 18 ms per frame, and a naturalness score of 4.7.
The approach preserves motion style while producing physically plausible animation.

INDEX TERMS 3D Animation Reconstruction; Fusion of Motion Capture and Physical Simulation;
Sports Skill Modeling; Motion Strategy Network; PPO Algorithm

I. INTRODUCTION

W ITH the widespread application of 3D animation
technology in sports science, film and television

entertainment, and virtual training, generating animation
sequences that retain the details of real athletes’ movements
while conforming to physical laws has become a key chal-
lenge [1]. Although traditional motion capture technology
can accurately record the trajectory of human joints, it
completely ignores physical constraints such as gravity,
collision, and joint torque, resulting in obvious violations of
physical laws in the animation in the virtual environment,
such as limbs penetrating the ground and the inability to
maintain posture in the air. Although pure physical simula-
tion methods can ensure the self-consistency of kinematics
and dynamics, they are difficult to reproduce the subtle style
features and coordination patterns in real sports skills [2-3].
Therefore, integrating the advantages of motion capture data
and physical simulation to achieve high-fidelity and physi-
cally reasonable 3D animation reconstruction of sports skills
has important theoretical value and application prospects.

To address the above problems, this paper proposes a
physical perception motion reconstruction method based on
constraint adversarial. This method embeds physical priors

into the motion feature encoding process by constructing a
differential dynamic loss function, and uses a proximal strat-
egy to optimize the training of a motion strategy network
that integrates movement style and physical effectiveness.
Furthermore, a signed distance field closed-loop correction
module is designed to eliminate penetration error. The
overall framework achieves end-to-end reconstruction from
raw captured data to physically accurate animation frames,
significantly enhancing the physical realism of the animation
while maintaining the original motion style.

The organization of this paper is as follows: The introduc-
tion introduces the related work and related research situa-
tion; The methodology explains the specific implementation
process of spatiotemporal feature encoding, policy network
training, and implicit integration and collision correction;
The experiments and results analysis, based on the sports
skills dataset, prove the advantages of our method in motion
fidelity, physics validity, and real-time performance; Finally,
the conclusion summarizes the whole paper and makes
future work.
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II. RELATED WODR
On the problem of human motion reconstruction, most
of the existing studies are focused on data-driven model-
ing, optimization of pose estimation, and motion sequence
generation. Wang et al. utilized a dynamic dense graph
convolutional network to model the spatiotemporal depen-
dencies between human skeleton joints [4]; Pham designed
a lightweight graph convolutional network to extract hu-
man joint structural features for the skeleton data action
recognition [5]. While Starke et al. utilized the DeepPhase
method, which casts a periodic autoencoder to learn a
multidimensional motion phase space from unstructured
human motion data [6]; Qin et al. employed a two-stage
Transformer for the motion completion application, which
is able to generate variable-length and relatively natural
transition actions between context frames and target frames
[7]. The above studies show that deep learning methods can
effectively improve the feature representation, prediction,
and completion capabilities of human motion sequences,
but their optimization objectives are mostly focused on joint
trajectory fitting, visual continuity, and motion naturalness,
while not adequately considering physical factors such as
ground reaction force, joint torque, angular momentum
conservation, and contact stability. Therefore, in the recon-
struction of three-dimensional animation of sports skills,
relying solely on data-driven methods can still easily lead
to problems such as foot slippage, body penetration, and
posture imbalance.

To compensate for the shortcomings of pure data-driven
methods in terms of physical realism, physical perception
motion control and reinforcement learning methods have
been gradually introduced into the reconstruction of 3D
character animation. Won et al. proposed a physical charac-
ter controller based on conditional variational autoencoders,
which enables virtual characters to generate diverse motion
behaviors similar to training motion data in a physical
simulation environment [8]. Peng et al. further proposed
a large-scale reusable adversarial skill embedding method,
which trains physical characters to master multiple types
of sports skills through adversarial imitation learning and
unsupervised reinforcement learning [9]. For sports skill
scenarios, Zhang et al. learned physical simulation hitting
skills from tennis match videos, enabling virtual characters
to complete sports actions with realistic motion styles under
dynamic constraints [10]. However, existing methods still
have shortcomings in the unified modeling of motion capture
data and dynamic constraints, contact collision feedback
correction, and the preservation of sports skill action styles.
Based on this, this paper introduces a constraint adver-
sarial physical perception motion reconstruction method,
which combines graph convolutional spatiotemporal feature
extraction, PPO motion strategy optimization, differential
dynamic loss, and signed distance field collision feedback
to achieve high-fidelity, physically consistent 3D animation
reconstruction of sports skill actions.

III. METHOD
A. MOTION FEATURE ENCODING INCORPORATING
PHYSICAL CONSTRAINTS
The raw motion capture data is input as a sequence of
joint trajectories. Each time frame contains the 3D position
vectors pj ∈ R3 and rotation angle quaternions qj ∈ R4

of each joint in the human skeleton, where j = 1, . . . , J
are joint indices. This paper constructs a spatiotemporal
feature encoder, outputting a latent motion feature tensor
Z ∈ RT×J×D embedded with physical priors, where T
is the sequence length and D is the feature dimension.
The encoder first performs graph convolution on the spatial
structure of each frame. An undirected graph G = (V,E)
of the human skeleton is defined, where the node set V
corresponds to J joints, and the edge set E represents the
skeletal connections. The graph convolutional layer takes
the joint features H

(0)
t = [p1,t; q1,t; . . . ; pJ,t; qJ,t] ∈ RJ×7

of frame t as input and performs spatial feature aggregation
using a graph Laplacian operator normalized by the adja-
cency matrix.

H
(l+1)
t = σ

(
D̃− 1

2 ÃD̃− 1
2H

(l)
t W (l)

)
(1)

In formula (1), Ã = A + IJ is the adjacency matrix of
added self-loop, A is the adjacency matrix of the skeleton
graph, IJ is the identity matrix; D̃ is the degree matrix
of Ã; W (l) is the learnable weight matrix of the l-th
layer; σ(·) is the ReLU activation function; H

(l)
t is the

node feature matrix output by the l-th layer, and H
(L)
t is

obtained after convolution of the L layer graph. Then the
sequence {H(L)

1 , . . . ,H
(L)
T } in the time dimension is input

into the one-dimensional sequential convolution network,
the convolution kernel slides along the time axis, and the
feature tensor F ∈ RT×J×D is output.

To embed physical constraints into the feature represen-
tation, a differential dynamics loss function is constructed.
The joint acceleration amocap

t is defined as the second-
order difference of the joint position pj,t with respect to
time in the capture data. Based on the physical simulation
environment, the physically compliant acceleration aphyt is
obtained through inverse dynamics calculation using the
ground reaction force fgrf

t ∈ R3 and the joint torque
τt ∈ RJ . The differential dynamics loss function is in the
form of:

Ldyn =
1

T

T∑
t=1

∥∥∥amocap
t − aphyt

∥∥∥2
2

(2)

In equation (2), amocap
t and aphyt are both 3J-dimensional

vectors, representing the acceleration of all joints in frame
t, respectively; ∥·∥22 is the square of the Euclidean distance.
This loss function propagates back through the training
process, forcing the feature tensor Z output by the spa-
tiotemporal feature encoder to contain a motion pattern
consistent with physical dynamics. Z is ultimately passed
as input to the subsequent motion policy network [11-12].
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FIGURE 1. Overall framework for 3D animation reconstruction of sports skills
based on physical perception

Fig. 1 shows the overall framework of the proposed
method, indicating the introduction of the differential dy-
namic loss function Ldyn and the flow from the encoder
output to the policy network.

B. PHYSICS-AWARE MOTION POLICY NETWORK
BASED ON PROXIMAL POLICY OPTIMIZATION
The latent motion feature tensor Z ∈ RT×J×D output by
the spatiotemporal feature encoder is concatenated with the
skeleton state vector st in the current simulation environ-
ment and used as the input to the motion policy network.
st contains the joint angle θt ∈ RJ , joint angular velocity
θ̇t ∈ RJ , and ground reaction force fgrf

t ∈ R3 of frame
t, with a total dimension of 2J + 3. The policy network
πϕ(ut|st, Zt) is trained using Proximal Policy Optimization
(PPO) and outputs the action ut, i.e., the driving torque
τt ∈ RJ of each joint.

The objective function of PPO prunes the probability ratio
in each policy update to avoid excessively large update steps.
The probability ratio is defined as rt(ϕ) =

πϕ(ut|st,Zt)
πϕold

(ut|st,Zt)
,

and the pruned loss function is:

LCLIP(ϕ) = Et

[
min

(
rt(ϕ)Ât, clip(rt(ϕ), 1− ϵ, 1 + ϵ)Ât

)]
(3)

In formula (3), Ât is the estimated value of the advantage
function at time t, ϵ is the clipping hyperparameter (set to
0.2), the clip(·) function restricts the ratio within the interval
[1 − ϵ, 1 + ϵ], and Et represents the expected value of the
time step.

The reward function Rt is composed of a weighted sum
of the action style term Rstyle

t and the physical effectiveness
term Rphys

t . The weight coefficients α = 0.6 and β = 0.4
are determined by grid search, as shown in formula (4):

Rt = αRstyle
t + βRphys

t (4)

The motion style term measures the temporal similarity
between the current simulated pose and the motion cap-
ture data. The Dynamic Time Warping (DTW) distance,

DDTW(psim, pmocap), calculates the minimum alignment
cost between the simulated joint position sequence psim

and the capture sequence pmocap. The DTW distance is
normalized and mapped to the reward interval [−1, 0].

Rstyle
t = −

DDTW

(
psim1:t , p

mocap
1:t

)
Dmax

(5)

In formula (5), psim1:t and pmocap
1:t are the simulated and

captured joint position sequences from the initial time to
time t, respectively, and Dmax is the normalization factor
for the maximum DTW distance in the dataset [13].

The physical validity term Rphys
t is further decomposed

into an angular momentum conservation deviation term
and a contact point stability term. The angular momentum
conservation deviation ∆Lt is defined as the difference
norm between the total angular momentum Lt of the current
frame and the angular momentum L0 of the initial frame.
The contact point stability term calculates the slip distance
δslipt between the foot and the ground contact point between
two consecutive frames. The two terms are combined as
follows:

Rphys
t = −λ1 ∥∆Lt∥2 − λ2δ

slip
t (6)

In formula (6), λ1 = 0.5 and λ2 = 0.5 are balance
coefficients; ∆Lt = Lt − L0, angular momentum Lt =∑

j rj,t × (mjvj,t), rj,t, mj , vj,t are the position vector,
mass and linear velocity of the j-th joint at time t, respec-
tively; δslipt =

∑
c∈C ∥xc,t−xc,t−1∥2, C is the set of contact

points, and xc,t is the position of the contact point in frame
t.

The policy network is trained using the PPO algorithm.
In each round, T steps of trajectory are sampled, the
advantage function Ât and reward Rt are calculated, and the
policy network parameters ϕ are updated. Simultaneously,
the value network is updated to reduce value function
estimation errors. After training convergence, the policy
network outputs the joint driving torque τt, which is passed
to the implicit integrator for the next stage of processing.

C. IMPLICIT INTEGRAL AND SIGNED DISTANCE FIELD
LOOP CORRECTION
The joint driving torque τt ∈ RJ output by the motion policy
network is fed into the implicit integrator. The skeletal
model consists of J rigid body segments, each with mass
mj , inertia tensor Ij ∈ R3×3, and centroid position. Given
the generalized coordinates qt = [θt;x

root
t ] of the current

frame, where θt ∈ RJ are joint angles and xroot
t ∈ R3

are root node positions. The implicit integrator uses a
backward Euler scheme, updating both velocity and position
simultaneously.

vt+1 = vt +∆tM−1 (τt − C(qt, vt)) (7)

qt+1 = qt +∆t vt+1 (8)
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In formulas (7) and (8), vt is the generalized velocity vector
(including joint angular velocity and root node linear veloc-
ity), ∆t is the simulation time step (set to 0.02 seconds), M
is the generalized mass matrix, and C(qt, vt) is the combi-
nation of Coriolis force and gravity term. Formula (7) is an
implicit equation. Since vt+1 appears on both sides of the
equation, it is solved by Newton’s iteration method. After
the iteration converges, the updated generalized coordinate
qt+1 is obtained, which corresponds to the position and
orientation of each bone segment in three-dimensional space
[14].

The updated skeleton pose may penetrate environmental
surfaces (ground, obstacles). To correct for penetration, a
signed distance field (SDF) is constructed. The SDF is a
scalar function Φ(x) defined in three-dimensional space.
For any point x ∈ R3 in space, it outputs the signed
distance from that point to the nearest environmental sur-
face: positive for the outside, negative for the inside, and
zero for the surface. For the set of surface sampling points
Pj = {xj,k | k = 1, . . . ,K} on each skeleton segment, the
signed distance Φ(xj,k) of each sampling point is calculated.
The penetration depth is defined as the maximum absolute
value of all negative distances, as shown in formula (9):

dpen = max
j,k

(−Φ(xj,k), 0) (9)

When dpen > 0, the position needs to be corrected. A
differentiable penetration depth gradient is introduced to
backpropagate the penetration error to the bone segment
position. The collision loss function is defined as follows:

Lcoll =

J∑
j=1

K∑
k=1

max (−Φ(xj,k), 0)
2 (10)

In formula (10), xj,k depends on the generalized coordinate
qt+1, therefore Lcoll is differentiable with respect to qt+1.
Calculate the gradient ∇qLcoll, and correct the generalized
coordinates along the gradient descent direction:

qcorrt+1 = qt+1 − η∇qLcoll (11)

In formula (11), η = 0.1 is the correction step size. This cor-
rection process is performed iteratively until dpen ≤ 10−5

meters. The final output is the non-penetrating generalized
coordinate qcorrt+1 , which generates the complete animation
pose and position of frame t+ 1 as the initial state for the
next time step.

Table 1 shows the average penetration depth (in mil-
limeters) of different bone segments in the three stages
before correction, after a single correction, and after iterative
convergence, quantifying the effectiveness of the closed-
loop correction.

IV. RESULTS AND DISCUSSION
A. EXPERIMENTAL SETUP
The experiment used publicly available sports skill motion
capture datasets, including basketball, gymnastics, and track

TABLE 1. Average Penetration Depth of Different Bone Segments During
SDF Closed-Loop Correction Process

Body
seg-
ment

Before correction After single correction After iterative convergence

Torso 3.2 0.8 0.02
Thigh 4.5 1.2 0.03
Calf 5.1 1.5 0.04
Foot 6.3 2.0 0.05

and field. Each category contained 10 standard motion
sequences, for a total of 15,000 frames, with a sampling
rate of 120 frames per second. Each frame provided the
3D positions and rotational quaternions of 23 joints of the
human skeleton, and the skeleton topology conformed to a
standard biomechanical model. The ground model of the
physical simulation environment was set as a horizontal
rigid plane, with a gravitational acceleration of 9.8 m/s2.
The mass distribution of the skeletal segments was assigned
based on anthropometry databases, and the contact points
were set as five key nodes between the soles of the feet and
the ground.

B. MOTION FIDELITY ANALYSIS
To assess the overall fidelity of the motion, the error
distribution was derived from three dimensions: joint space,
motion type and time history, for which the average joint
position error was 2.3 cm. In joint space, the average error
of 23 joints were 1.5 cm to 3.4 cm with more error at the
distal joint (wrist and ankle) (3.2 cm for wrist and 3.4 cm for
ankle), moderate error at the proximal joint (shoulder and
hip) (2.4 cm to 2.7 cm), and least error at the core trunk
joint (thoracic and lumbar vertebrae) (1.5 cm to 1.8 cm). The
errors for the ten common motion sequences are: basketball
layup 2.6 cm, basketball jump shot 2.4 cm, gymnastics front
handspring 2.9 cm, gymnastics backflip 3.1 cm, track and
field 100-meter start 1.9 cm, track and field long jump 2.5
cm, track and field javelin throw 2.2 cm, gymnastics side
handspring 2.4 cm, basketball dribbling 2.1 cm, and track
and field hurdles 2.3 cm. From the time history perspective,
the peak error is at the 28th frame, and the maximum error
is 3.4 cm after standardizing the motion to 100 frames. The
error distribution in the three dimensions is shown in Fig.
2, which indicates that the error in the initial frame (first 15
frames) is less than 1.6cm (less than 1 percent of the length
of the initial frame), in the final frame (last 15 frames) is
less than 1.6cm (less than 1 percent of the length of the final
frame), and the standard deviation of the error fluctuation
in the middle frame (frames 30-70) is 0.86cm.

The results validate the effectiveness of the proposed
differential dynamics loss function and DTW reward term
in preserving original motion details: low error values in-
dicate a high degree of consistency between the simulated
and captured postures in the spatial trajectory, while the
gradient changes in error at different motion stages reflect
the adaptive adjustment capability of the policy network to

VOL. 15, NO. 3, AUGUST 20269775



Y. Jiang et al.

FIGURE 2. Motion fidelity analysis. (a) Joint position errors. (b) Motion
sequence errors. (c) Time history error curves

physical driving forces.

C. VALIDATION OF PHYSICAL EFFECTIVENESS
Physical effectiveness is jointly evaluated using three sub-
indicators: the number of penetration events (each frame
with a penetration depth exceeding 1 mm is counted as one
event), the mean angular momentum conservation deviation
(the average of the norm of total angular momentum change
across all frames, in kg·m2/s), and the mean contact point
slip distance (the average displacement of the contact point
between consecutive frames, in mm). The physical effec-
tiveness score is a weighted sum of the normalized three
sub-indicators, ranging from 0 to 1. The overall score for
our method is 0.92. Table 2 provides detailed values for
the physical effectiveness sub-indicators of our method in
basketball, gymnastics, and track and field, and compares
them with pure motion capture redirection, pure physics
simulation, existing reinforcement learning fusion methods,
and the current state-of-the-art method AMP (Adversarial
Motion Prior).

TABLE 2. Comparison of Physical Effectiveness Indicators of Different
Methods

Method
Penetration

events
(per frame)

Mean angular
momentum
deviation
(kg·m2/s)

Mean contact
point slip
distance

(mm)

Physical
validity
score

Pure motion capture
retargeting

0.87 5.62 12.4 0.31

Pure physics
simulation

0 0.31 1.2 0.95

Existing
reinforcement
learning fusion
method

0.12 1.85 3.8 0.76

AMP (Adversarial
Motion Prior)

0.04 1.12 2.9 0.84

Proposed method 0.01 0.52 1.8 0.92

In Table 2, the number of penetration events was 0.01
times/frame, corresponding to one penetration depth ex-
ceeding 1 mm every 100 frames, and this penetration was
immediately eliminated after closed-loop correction. The

average angular momentum conservation deviation was 0.52
kg·m2/s, indicating that the change in total angular mo-
mentum was effectively constrained, and no uncontrollable
tumbling occurred in jumping and rotating movements. The
average contact point slip distance was 1.8 mm, and the
relative sliding of the foot to the ground during the support
phase was less than 2 mm, which is consistent with the
stable range of foot-ground contact in biomechanics. The
sub-index decomposition of the three types of sports showed
that the angular momentum deviation was slightly higher in
gymnastics (0.68 kg·m2/s), the number of penetration events
was slightly higher in basketball (0.02 times/frame), and the
slip distance was slightly smaller in track and field (1.5 mm),
reflecting the adaptive adjustment under different dynamic
characteristics. Compared with pure physics simulation,
the physical effectiveness score of the proposed method
was slightly lower by 0.03, but pure physics simulation
completely abandoned the motion style fidelity (its motion
fidelity error was as high as 7.8 cm, far higher than the
2.3 cm of the proposed method). Compared to existing re-
inforcement learning fusion methods, the proposed method
achieves a physics-effective score 0.16 higher; compared to
the AMP method, it achieves a physics-effective score 0.08
higher, reduces penetration events by 75%, and lowers angu-
lar momentum bias by 54%, demonstrating the advantages
of the signed range field closed-loop correction module in
reducing penetration and controlling slip.

D. REAL-TIME PERFORMANCE AND SUBJECTIVE
EVALUATION
The proposed method achieves an average single-frame
reconstruction time of 18 milliseconds on a specified hard-
ware environment (Intel Core i9-13900K CPU, NVIDIA
GeForce RTX 4090 GPU, 64GB RAM), corresponding to
a processing rate of approximately 55.6 frames per second,
meeting the requirements for real-time animation generation
(typically requiring ≥30 frames per second). The time
consumption of each module was measured separately: the
spatiotemporal feature encoding stage (graph convolution
and temporal convolution) averaged 3.2 milliseconds; policy
network inference (outputting joint driving torque) averaged
1.5 milliseconds; implicit integration and Newton iteration
averaged 6.8 milliseconds; and signed distance field query
and gradient correction iteration averaged 6.5 milliseconds.
The SDF correction module accounts for 36.1% of the total
time, representing the main computational bottleneck, but it
is crucial for improving physical effectiveness.

For subjective evaluation, five referees with national first-
level athlete qualifications were invited to independently
view the animation generated by the proposed method, using
a five-point Likert scale (1 point = very unnatural, 5 points
= very natural) to score the naturalness of the movements.
The final average score was 4.7, with all judges’ scores
ranging from 4.5 to 5.0. Judges’ feedback indicated that
the animation’s landing cushioning, torso twisting, and limb
coordination closely resembled the performance of a real
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FIGURE 3. Real-time performance and subjective evaluation. (a) Module
elapsed time percentage. (b) Subjective rating distribution

athlete, and no obvious penetration or sliding was observed.
Fig. 3 shows the time allocation for each module and the
distribution of subjective scores.

V. CONCLUSION
This paper presents an approach to reconstructing 3D ani-
mation of sports skills through combining motion capture
and physical simulation. The method effectively tackles
the conflict between physical distortion of pure motion
capture data and lack of style fidelity of pure simulation
by using graph convolutional feature encoding, near-end
policy optimization training and signed distance field closed-
loop correction. The results of experiments indicate that this
approach can greatly enhance the physical plausibility of
the animation while retaining motion details. The current
approaches do not have the flexibility to adapt to complex
environmental interactions (e.g., non-rigid ground and multi-
person collaboration) and the SDF correction module is
computationally expensive. For more complex sports sce-
narios and real-time interactive applications, future work
will focus on dynamic collision prediction and lightweight
inference approaches leveraging graph neural network to
further facilitate the sports understanding and prediction
process.
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