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Abstract

Large and high-quality motion datasets are essential for ad-
vancing human motion modeling. However, limitations of ex-
isting motion datasets, such as insufficient scale or inadequate
quality, significantly hinder the progress of this field. To ad-
dress these limitations, we introduce Mimic-X, a large-scale
(52 hours), physically plausible 3D human motion dataset.
To construct Mimic-X, we develop an adaptive option frame-
work that controls a physically simulated character to imitate
low-quality motions extracted from a vast collection of on-
line videos. Specifically, we first apply hierarchical clustering
to group motions into clusters, and then train option policies
to mimic motions sampled from these clusters. Considering
the noisy nature of low-quality motions, we utilize a sepa-
rate encoder for each cluster to map the noisy motions within
the cluster into a compact latent space. This significantly en-
hances the quality of the imitated motions while accelerat-
ing the learning process. Subsequently, we employ dynamic
programming as a meta-policy to efficiently organize the op-
tion policies to generate complete motion clips. Finally, we
perform fine-tuning to each motion sequence to further re-
fine motion quality. The proposed adaptive option framework
outperforms state-of-the-art human motion recovery methods
across various evaluation metrics, demonstrating that motions
in Mimic-X exhibit higher quality and greater physical plau-
sibility. Furthermore, experimental results show that Mimic-
X enhances the performance of motion generation methods,
verifying its effectiveness for motion modeling tasks.

Supp. — https://thyzju17.github.io/projects/Mimic-X/

1 Introduction
Based on the rapid development of deep generative mod-
els, state-of-the-art human motion generation methods have
shown impressive capabilities in producing a wide range
of diverse and complex motions (Jiang et al. 2023; Tevet
et al. 2023; Zhang et al. 2024; Guo et al. 2024). Never-
theless, the motions generated by these methods often ex-
hibit different types of artifacts, such as ground penetra-
tion, interpenetration, foot sliding, and floating (Li et al.
2024), which hinder the motions’ realism and applicabil-
ity. These issues can be largely attributed to the limitations
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of training data, as suggested by the data scaling law (Ka-
plan et al. 2020), which has demonstrated that larger and
higher-quality datasets can significantly improve model per-
formance in many domains such as Neural Language Pro-
cessing (Floridi and Chiriatti 2020) and Embodied-AI (Lin
et al. 2024). To address these challenges, enhancing the
scale and quality of the human motion dataset is essential.
However, constructing such datasets is labor-intensive, time-
consuming, and of high cost. Therefore, it’s crucial to ex-
plore cost-effective approaches to produce extensive, high-
fidelity motion datasets and, in turn, develop more robust
and powerful deep generative models.

Marker-based motion capture (MoCap) is the most widely
used method for generating high-quality human motion
datasets (Plappert, Mandery, and Asfour 2016; Mahmood
et al. 2019). However, this method requires well-calibrated
cameras, precisely placed markers, and controlled indoor en-
vironments, limiting its scalability. In contrast, markerless
vision-based MoCap methods (Kocabas, Athanasiou, and
Black 2020; Karatzas et al. 2024) offer a more scalable so-
lution by capturing human motion from real-world videos
available online. Despite this advantage, recovering 3D hu-
man motions from 2D videos remains ill-posed, plagued by
challenges such as depth ambiguity, self-occlusion, and the
lack of camera parameters. As a result, the recovered mo-
tions often suffer from physically implausible artifacts like
foot sliding, penetration, and floating in the air, as indicated
in Fig. 1.

To alleviate physically implausible artifacts, several stud-
ies (Peng et al. 2018a,b) have focused on integrating hard
physical constraints. Specifically, these methods employ
controllers to drive simulated characters that mimic the mo-
tions extracted from videos within a physics engine. Al-
though promising, this approach is computationally inten-
sive, requiring hours to generate a single motion clip, which
significantly hinders its applicability for constructing large-
scale motion datasets. Recently, researchers attempted to use
general controllers (Luo et al. 2024; Tessler et al. 2024)
for real-time motion imitation. However, due to the inherent
complexity and vast diversity of human motions, these con-
trollers perform well on their test datasets but often fail to ac-
curately imitate motions recovered from in-the-wild videos,
leading to robotic and unnatural movements.

In this paper, we introduce a novel adaptive option frame-
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Figure 1: Selected poses from the Motion-X (green) and Mimic-X (blue) datasets, with the latter constructed using our adaptive
option framework. The red ellipses highlight artifacts such as floating, ground penetration, foot sliding, and interpenetration.
The results demonstrate that our method effectively reduces these artifacts. More results can be found in the accompanying
video from 0m23s to 0m38s.

work to address the aforementioned limitations. This frame-
work is designed to efficiently construct a high-quality,
physically accurate human motion dataset by mimicking
noisy human motions extracted from large-scale in-the-wild
videos. Inspired by the traditional option framework (Sut-
ton, Precup, and Singh 1999), where a series of option poli-
cies manage specific sub-tasks, enabling the effective exe-
cution of more complex tasks, we propose a similar strat-
egy to build our adaptive option framework. Specifically, we
first train multiple option policies to mimic motions sam-
pled from distinct subsets of the motion dataset, which we
call the pre-training step. We then move on to the adaption
step, where we rapidly adapt these option policies to each
motion sequence by fine-tuning, which significantly reduces
the training time for mimicking a single motion sequence
from hours to minutes.

The main technical components of our adaptive option
framework are as follows: 1) We use an auto-encoder to
map the reference motions of the sub-dataset into a com-
pact latent space. This encoding process alleviates the noise
in the reference motions, improving the quality of the mim-
icked motion and reducing the average training time from
12.5 minutes to 9.0 minutes. 2) We employ dynamic pro-
gramming as the meta-policy to segment a single motion se-
quence into several sub-sequences, each associated with a
specific option policy for imitation. This approach addresses
the complexity of mimicking diverse motion types within a
single sequence. 3) After segmenting the motion sequence
into sub-sequences, we jointly fine-tune the option policies
assigned to that motion sequence, which further enhances
the fidelity of the imitated motions. With these designs, our
framework requires approximately 48 hours for pre-training
and an average of 9 minutes for fine-tuning a single motion
sequence in Human3.6M (Ionescu et al. 2013) dataset, with
the process taking less than 5 minutes for constructing our
own dataset. This makes it suitable for rapidly constructing

large-scale, high-quality datasets, especially when compared
to the state-of-the-art (SOTA) methods that take over an hour
to mimic each motion sequence individually.

Utilizing the proposed framework, we construct a large-
scale, physically accurate human motion dataset, named
Mimic-X, by imitating the motions from the Motion-X
dataset (Lin et al. 2023). Our framework outperforms SOTA
methods in both motion reconstruction accuracy and physi-
cal plausibility, demonstrating that motions in Mimic-X are
of high quality. We further evaluate the Mimic-X dataset on
several SOTA motion generation methods, and the experi-
mental results verify its significance for motion modeling
tasks.

The contributions of this paper can be summarized as fol-
lows:

• We present an adaptive option framework that efficiently
mimics large-scale human motion datasets from in-the-
wild videos. This method can handle complex motions
with diverse types and reduces the training time for a sin-
gle sequence from hours to minutes.

• We construct Mimic-X, a large-scale, physically accu-
rate, and high-quality human motion dataset, consisting
52-hour motions in 30 fps.

• We evaluate Mimic-X on the motion generation task,
demonstrating its effectiveness in facilitating the gener-
ation of diverse and physically plausible motions.

2 Related Work
2.1 Human Motion Datasets
High-quality human motion datasets (Gross and Shi 2001;
Ionescu et al. 2013; Sigal, Balan, and Black 2010; Trum-
ble et al. 2017) are predominantly obtained using optical
marker-based motion capture (Mocap) systems. However,
optical marker-based Mocap requires well-calibrated cam-
eras, precisely placed markers, and controlled indoor en-



vironments, which limits its scalability. As a compromise,
current large human motion datasets are always constructed
by collecting small Mocap datasets. The KIT Motion-
Language Dataset (Plappert, Mandery, and Asfour 2016) is
the first public dataset that pairs human motion data (˜10
hours) with textual descriptions, collecting from two differ-
ent datasets (Mandery et al. 2015; CMU 2016). The AMASS
dataset (Mahmood et al. 2019) aggregates 15 different op-
tical marker-based Mocap datasets, creating a large-scale
motion collection (˜40 hours), parameterized using SMPL
model (Loper et al. 2023). Since the motions are col-
lected from different motion datasets and then unified into
a common representation, the quality of motion data within
AMASS varies. Kaufmann et al. (2023) used body-worn,
wireless electromagnetic (EM) sensors, along with a hand-
held iPhone, to record 58 minutes of motion data, called
EMDB. However, capturing large amounts of motion data
remains challenging due to the need for wearable equipment.
In contrast to Mocap-based methods, Lin et al. (2023) devel-
oped the largest human motion dataset to date (˜140 hours)
by estimating human motion from a vast collection of online
wild videos. However, the Motion-X dataset suffers from
low motion quality due to the inherent ambiguity of estimat-
ing 3D human motion from 2D video data. In this paper, we
aim to enhance the motion quality of the Motion-X dataset,
creating a refined dataset, which we term Mimic-X.

2.2 Human Motion Recovery
Human motion recovery is about recovering the human
pose to precisely align with the input image. Recent ap-
proaches in 3D human motion recovery mainly repre-
sent human poses using parametric human models, such
as the SMPL (Loper et al. 2023) and SMPLX (Pavlakos
et al. 2019). Optimization-based methods (Bogo et al. 2016;
Pavlakos et al. 2019; Lin et al. 2023) recover the mo-
tions by minimizing the re-projection error between pro-
jected and detected keypoints. In recent years, neural net-
works have been increasingly employed to enhance recovery
quality. Notable efforts include the use of convolution neu-
ral networks (Kanazawa et al. 2019), recurrent neural net-
works (Luo, Golestaneh, and Kitani 2020; Choi et al. 2021),
generative adversarial networks (Kocabas, Athanasiou, and
Black 2020), and transformers (Wan et al. 2021; Goel et al.
2023). While these methods achieve precise motion recov-
ery, they only focus on recovering poses in the image coor-
dinates, lacking plausible root translations. WHAM (Shin
et al. 2024) directly regresses poses and root translations
in the world coordinates at each frame. WHAC (Yin et al.
2025) incorporates visual odometry to estimate camera ro-
tation, and refines the global trajectory using a network.
GVHMR (Shen et al. 2024) predicts poses in the gravity
coordinates instead of camera coordinates, and directly esti-
mates global translation.

However, the aforementioned approaches often produce
physically implausible results. Incorporating physical laws
can help mitigate these artifacts. SFV (Peng et al. 2018b)
mimics the kinematic motions extracted from video using
deepmimic (Peng et al. 2018a) within a physics engine. Sim-
ilarly, trajectory optimization techniques (Rempe et al. 2020;

Gärtner et al. 2022b,a) are employed to mimic kinematic
motions. However, they are computationally expensive as
deepMimic (Peng et al. 2018a) requires training controllers
for each motion sequence from scratch, and trajectory op-
timization methods involve time-consuming iterative pro-
cesses. To enable real-time optimization, researchers (Shi-
mada et al. 2020, 2021) focus solely on foot contact and
make the contact process differentiable. However, these
methods struggle to produce contact-rich motions such as
dancing. SimPoE (Yuan et al. 2021) improves motion qual-
ity by refining the detected motions and applying residual
forces on the root joint to enhance controller performance.
Universal controllers (Luo et al. 2024; Tessler et al. 2024)
can track the motions recovered from videos in real time by
training on large motion datasets. However, they are limited
to characters with fixed body shapes and may exhibit jitters
when tracking noisy motions.

In this paper, we utilize the motions recovered from
videos by these human motion recovery methods as refer-
ence and apply an adaptive option framework to mimic these
reference motions, thereby creating a large, physically plau-
sible human motion dataset.

3 Pipeline
In this section, we detail our adaptive option framework. As
illustrated in Fig. 2, we first extract kinematic motions from
videos, obtaining a low-quality reference motion dataset.
Then, we cluster the reference motion dataset into several
clusters (Section 3.1), and sample motion sequences from
these clusters to train option policies using deep reinforce-
ment learning (Section 3.2). This clustering strategy allevi-
ates the challenge of mimicking large-scale motions that ex-
hibit high diversity. Finally, we fine-tune the option policies
to mimic each motion sequence, further refining the mo-
tion quality (Section 3.3). During fine-tuning, we use dy-
namic programming as the meta-policy to select and arrange
the policies. This training-free meta-policy improves motion
quality while significantly reducing training time. Since ex-
tracting motions from videos is outside the scope of this pa-
per, details are provided in the supplementary material.

3.1 Motion Clustering
Motion clustering partitions the motions into C subsets to
reduce the complexity of modeling the entire dataset, and
each subset contains similar motions. Previous works (On-
uma, Faloutsos, and Hodgins 2008; Won, Gopinath, and
Hodgins 2020) employ k-means clustering over the velocity-
based and acceleration-based feature vectors computed on
the motion sequence in the dataset. We adopt a similar ap-
proach and define the motion features F , as follows:

F = {Rh,Ravel
⊥ ,Xvel

⊥ ,Xvel
∥ ,Xacc} (1a)
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N∑
i

rhi ,R
avel
⊥ =

1

N

N∑
i

∥ravel⊥,i ∥2 (1b)

Xvel
⊥∥ =

1

N

N∑
i

∥xvel
⊥∥,i∥

2,Xacc =
1

N

N∑
i

∥xacc
i ∥2 (1c)



Kinematic
 Motion

 Extractor

Preprocess Adaption Step 

…

Reference

…

Simulated

Fine-tune

Fine-tune

Fine-tune

Fine-tune Option
Policy 𝑐!

Option
Policy 𝑐"

Option
Policy 𝑐#

Option
Policy 𝑐$

Arrangement 𝑂

…

Hierarchical 
Clustering

…

Option 
Policy 0

Option
Policy 1

Option
Policy C

Deep RL

Deep RL

Deep RL

…

Training-free
Option 

Selector

Clustering Option Policies 
Pre-Train Step 

Cluster 0

Cluster 1

Low-Quality Motions

Cluster C

Figure 2: System overview. Our system comprises three main steps: preprocessing, pre-training, and adaptation. In the prepro-
cessing, we extract kinematic motion data from videos, resulting in a low-quality motion dataset. During the pre-train step, we
apply hierarchical clustering to group the low-quality dataset into several clusters, and train option policies to mimic motions
sampled from the clusters using deep reinforcement learning. Finally, in the adaptation step, an option selector arranges the
option policies to mimic the reference motion. After fine-tuning for several minutes, we obtain high-quality simulated motions.

where Rh ∈ R represents the average height of the root
joint, with rhi being the height of the root joint at the ith
frame, Ravel

⊥ ∈ R being the average rotational kinetic en-
ergy of the root joint around the vertical axis, and ravel⊥,i be-
ing the angular velocity of the root joint around the vertical
axis; Xvel

⊥ ∈ RJ and Xvel
∥ ∈ RJ are the average kinetic

energies in planar and vertical directions, respectively, with
J being the joint number, xvel

⊥ and xvel
∥ being the velocities

of joints in the root coordinate system; Xacc ∈ RJ is an
approximation of energy expenditure, with xacc

i being the
acceleration of joints in the root coordinate system. For sim-
plicity, we omit the joint index j in Equation 1c. Compared
to previous motion features (Onuma, Faloutsos, and Hod-
gins 2008; Won, Gopinath, and Hodgins 2020), the addition
of Rh and Ravel

⊥ helps to better distinguish motions such as
lying, twisting, and jumping.

To ensure that the motions in each cluster can be imitated
by a single policy, we constrain the cluster radius, which
is defined as the largest Euclidean distance between any two
motion features within the cluster. To enforce this constraint,
we employ a hierarchical k-means approach, which itera-
tively applies k-means to clusters with a radius greater than
lmax. In our experiment, we set lmax = 40, and provide an
evaluation in Section 4.

3.2 Option Policies
We train C option policies, denoted by π1:C , to enable a sim-
ulated character to mimic motions sampled from each clus-
ter, as shown in the pre-train step of Fig. 2. We use the prox-
imal policy optimization (PPO) (Schulman et al. 2017) to
learn the option policies. During training, an agent interacts
with the environments according to the control policy πc to
mimic the reference motion m = x1:N of N frames, which
is sampled from cluster c. Here, xt refers to the pose at the

tth frame. At time step t, the agent observes the state st and
samples an action at according to the policy at ∼ πc(at|st).
The agent then applies the action, causing the environment
to transition to the next state st+1 and receive a reward rt,
which measures the difference between the simulated char-
acter and the current reference motions. After iterating for
N steps, the agent produces the simulated motion x̂1:N from
the state sequence s1:N . Our objective is to learn the control
policy πc that aligns x1:N and x̂1:N as closely as possible.
The following parts of this section provide a detailed de-
scription of the state st, action at, reward rt, and policy πc

used in our learning process.

States. The state at time step t, st ∈ R570, consists of
the reference pose Pt+1, body shape parameters β, the cur-
rent simulated pose P̂t, and the pose difference between cur-
rent pose and the simulated pose Pt+1 − P̂t, where ·̂ means
that the variable is derived from the simulated character.
The pose Pt is defined as Pt = {rht , rat , ṙ

p
t , ṙ

a
t , x

a
t , ẋ

a
t , e

p
t },

where rht is the height of the root from the ground, rat is the
root rotation, ṙpt & ṙat are the root velocity & angular veloc-
ity in the local root coordinate system, xa

t denotes the local
rotations of all joints, ẋa

t denotes the angular velocities of all
joints, and ept denotes the local positions of the end-effectors
(hands and feet). Following (Peng et al. 2022), rotations are
represented in a 6D format, and angular velocities are rep-
resented in the axis-angle format. Additionally, we include
the root position offset in the pose difference Pt+1 − P̂t to
indicate the deviations in the root position.

Actions. The action at time step t, at ∈ R55, is represented
by rotations in the target pose of proportional-derivative
(PD) policies. Following (Peng et al. 2022), the rotations are
represented by quaternions’ exponential maps for 3D spher-
ical joints and angulars for hinge joints (knees and elbows).



Rewards. At each time step, the reward is defined as rt =
rmt · r2dt . The mimic reward rmt quantifies the difference be-
tween the simulated pose P̂t and the reference pose Pt as
follows:

rmt = exp(−wr∥rpt − r̂pt ∥2)exp(−wr∥rat − r̂at ∥2)
exp(−wa∥xa

t − x̂a
t ∥2)exp(−wav∥ẋa

t − ˆ̇xa
t ∥2)

exp(−we∥ept − êpt ∥2)
(2)

where rpt is the root position. The projection reward r2dt
measures the difference between the 2D projection of the
simulated pose and the detected keypoints:
r2dt = exp(−w2d∥Π(SMPLX(x̂a

t , r̂
p
t , β))− x2d

t ∥2) (3)
where x2d

t is the detected 2D keypoints, SMPLX(·) is the
forward process of SMPLX (Pavlakos et al. 2019), Π(·) se-
lects the corresponding joints and projects the joints into the
image space.

Policies. We employ distinct policies to mimic motions
across different motion clusters. Following (Peng et al.
2022; Li et al. 2024), each policy is implemented as a neu-
ral network that map the state st to a Gaussian distribution
over actions, πc(at|st) = N (µπc(st),Σπc), where c de-
notes the cluster index. The mean µπc(st) depends on the
current state st, while the covariance matrix Σπc is fixed
and diagonal. Since the reference motions are usually noisy,
we employ an auto-encoder to map the motions within each
cluster into a more compact latent space, and train the poli-
cies on the learned latent representations, to accelerate the
learning process. We show that this approach significantly
enhances the training of the policies (see Section 4). Ad-
ditionally, we utilize gradient penalty (Chen et al. 2024) to
encourage smoother and less jittery motions.

3.3 Adaption Step
In this section, we describe how to mimic the motion se-
quence m = P1:N using C option policies π1:C . Mimick-
ing a single motion sequence with a single option policy is
challenging, as the sequence may contain various types of
motions. Therefore, segmentation is required to divide the
sequence into sub-sequences, each of which is then assigned
an optimal option policy to mimic.

We propose a simple yet efficient option selector based
on dynamic programming to generate an arrangement O =
o1:N , where ot is the identifier of the option policy to apply
at frame t. The procedure begins by simultaneously control-
ling C agents, where each agent is driven by its respective
option policy to mimic the motion. If the reward of any agent
falls below a threshold σ, the agent’s state is reset to the one
with the highest reward among its current states. This re-
sults in C reward trajectories r1:C1:N . The next step is to deter-
mine the optimal arrangement O∗ that maximizes the total
reward. Specifically, we aim to solve the following optimiza-
tion problem:

O∗ = argmax
O

R(O)

= argmax
O

N∑
t

rott + (1− δot,ot+1
) · wp

(4)

where R(O) is the cumulative reward for arrangement O,
rott is the reward at time step t when option ot is applied,
δ·,· is the Kronecker delta function, N is the total number of
frames in the reference motion, and C is the number of op-
tion policies. The negative penalty term wp is added to dis-
courage frequent transitions, since rapid transitions between
different policies can cause artifacts like jitters and unnatural
poses. We solve this problem using dynamic programming.
The state transition equation is as follows:

dp(t, c) = max
c′

dp(t− 1, c
′
) + rc

′

t

+ (1− δc,c′ ) · wp, (t = 2, .., N)
(5)

where the state function dp(t, c) represents the maximum
cumulative reward when executing policy πc at frame t, ini-
tialized with dp(1, c) = rc1. Here, c

′
iterates over all policy

indices. After populating the state function dp(·, ·), the opti-
mal solution O∗ can be recovered by backtracking from the
final state max

c
dp(N, c) to the initial state dp(1, ·).

After obtaining an imitated motion sequence, we fine-tune
the control policies for the sequence according to its corre-
sponding arrangement O∗ until the reward reaches a pre-
defined threshold. This fine-tuning process significantly en-
hances performance. Quantitative results on this enhance-
ment, the associated time cost, and the role of the option
selector are discussed in the evaluation section.

4 Experiments and Evaluations
We perform all experiments on a single NVIDIA V100
GPU. As for the physics engine, we employ NVIDIA’s Isaac
Gym. For Mimic-X, there are 16 control policies in the pre-
training step, requiring approximately 2 days to train. In the
adaptation step, it takes an average of 9 minutes to mimic
a specific motion sequence, and less than 5 minutes to con-
struct our Mimic-X dataset.

Our Mimic-X dataset is constructed from three subsets
of Motion-X, namely AIST, IDEA400, and fitness, totaling
52.3 hours of motion data at 30 fps. The motions in Mimic-
X exhibit superior physical plausibility compared to those
in Motion-X, as demonstrated in Fig. 1. More comparison
results and information about the Mimic-X dataset can be
found in the supplementary material.

In the following, we first evaluate the quality of the im-
itated motion produced by our pipeline. Subsequently, we
demonstrate the effectiveness of our Mimic-X dataset in en-
hancing the performance of motion generation models.

4.1 Evaluations of Motion Quality
The evaluation is conducted on the Human3.6M (Ionescu
et al. 2013) dataset, which is commonly used for human mo-
tion recovery. Following the protocol in (Ci et al. 2019), we
utilize motions of subjects S1, S5, S6, S7, and S8 as the
training set, S9 and S11 as the test set. We also evaluate on
AIST (Tsuchida et al. 2019) dataset, which contains chal-
lenging dance motions. We randomly select 20 sequences as
the test set.



Dataset Model MRPE↓ MPJPE↓ PA-MPJPE↓ Vel↓ Accel↓ FS↓ GP↓ Float↓

Human3.6M

VIBE (Kocabas, Athanasiou, and Black 2020) 151 56 44 8.8 12.6 10.5 6.5 0.6
GVHMR (Shen et al. 2024) 296 45 32 2.8 2.5 0.8 6.7 72.6

PhysCap (Shimada et al. 2020) 183 97 65 7.2 - - - -
SimPoE (Yuan et al. 2021) - 57 42 - 6.7 3.4 1.6 -

PhysAware (Shimada et al. 2021) - 77 58 4.5 - - - -
TrajOp (Gärtner et al. 2022b) 143 84 56 9.0 - - - -
DiffPhy (Gärtner et al. 2022a) - 82 56 6.7 - - - -

MaskedMimic (Tessler et al. 2024) 95 60 49 3.6 2.7 0.4 1.0 0.0
Ours 59 33 26 3.8 2.7 1.3 1.2 0.0

AIST

VIBE (Kocabas, Athanasiou, and Black 2020) 335 95 61 20.3 27.1 49.3 58.8 0.7
GVHMR (Shen et al. 2024) 256 83 48 8.5 6.2 2.1 9.9 46.1

MaskedMimic (Tessler et al. 2024) 103 70 50 8.8 5.7 0.6 0.6 0.0
Ours 86 54 41 7.4 6.0 1.1 0.5 0.0

Table 1: Evaluations of motion recovery quality. The best results are highlighted as 1st, 2nd, and 3rd.

Ours MaskedMimic VIBE GVHMR

Ours MaskedMimic VIBE GVHMR

Ours MaskedMimic  VIBE GVHMR

Figure 3: Visualization of recovered poses. MaskedMimic
fails to mimic the pose accurately; VIBE shows floating,
interpenetration, and ground penetration; GVHMR suffers
from interpenetration and severe floating. All the artifacts
are indicated by red boxes. Our results are more accurate
and physically plausible (from 2m06s to 2m36s in the ac-
companying video).

Metrics We evaluate the results from two perspectives:
motion recovery accuracy and physical plausibility. To as-
sess motion recovery accuracy, we report the mean root po-
sition error (MRPE), mean per-joint position error (MPJPE),
and Procrustes-aligned mean per-joint position error (PA-
MPJPE). To evaluate physical plausibility, we introduce four
metrics: velocity error (Vel), acceleration error (Accel), foot
sliding (FS), ground penetration (GP), and floating (Float).
Detailed formulations of these metrics are provided in the
supplementary material.

Comparison to state-of-the-art methods We compare
our method against SOTA 3D human motion recov-
ery methods, including both kinematics-based approaches
(VIBE (Kocabas, Athanasiou, and Black 2020) and

Method MPRE↓ MPJPE↓ PA-MPJPE↓ Vel↓ Accel↓ FT↓
scratch 358.6 156.6 79.4 4.2 2.5 181.4
w/o ft 375.1 142.6 50.0 5.5 3.3 -
w/o enc 91.3 48.4 31.4 4.1 2.9 12.5
w/o dp 246.6 111.1 42.7 4.2 2.6 15.5
r=20 60.8 34.4 27.6 3.8 2.6 14.5
r=40(ours) 59.3 33.3 26.3 3.8 2.7 9.0
r=50 80.9 43.6 29.3 3.9 2.7 14.0
Whole1× 60.4 35.6 27.7 3.8 2.6 15.6
Whole4× 60.0 33.0 26.5 3.7 2.6 27.1

Table 2: Ablation studies. FT represents the average fine-
tuning time in minutes, while for scratch it means the aver-
age training time.

GVHMR (Shen et al. 2024)), and physics-based approaches
(PhysCap (Shimada et al. 2020), SimPoE (Yuan et al.
2021), PhysAware (Shimada et al. 2021), TrajOp (Gärtner
et al. 2022b), DiffPhy (Gärtner et al. 2022a), and Masked-
Mimic (Tessler et al. 2024)). Implementation details can be
found in the supplementary material.

From the results shown in Table 1, we can observe that
our method significantly outperforms SOTA methods in mo-
tion recovery accuracy, as indicated by MRPE, MPJPE, and
PA-MPJPE. This improvement can be largely attributed to
the fine-tuning step. For the metrics Vel, Accel, and FS, our
method achieves results comparable to MaskedMimic and
GVHMR, demonstrating that it can produce smooth move-
ments with minimal jitters and small foot sliding. In terms
of ground penetration (GP) and floating (Float), our method
shows low values on both metrics, indicating higher physi-
cal plausibility. Furthermore, our method outperforms both
kinematics-based and physics-based approaches. In partic-
ular, VIBE and GVHMR show the poorest performance in
physical plausibility. This arises from their lack of consider-
ation for ground interactions, which are explicitly addressed
in the physics-based methods. The large floating and ground
penetration in GVHMR, shown in Fig. 3, are primarily due
to accumulated errors in the predicted root translation. Ad-
ditionally, we found that MaskedMimic fails to mimic some
motions, as shown in Fig. 3. This observation reveals the dif-
ficulty of mimicking diverse motions with a universal con-
troller. More comparison results are shown in the supple-
mentary material.



Method Physical Metrics R Precision↑ FID↓ MultiModal Dist↓
FS↓ GP↓ Float↓ Top1 Top2 Top3

T2M-GPT 9.371±.014 2.109±.008 20.881±.349 0.491±.002 0.679±.002 0.774±.002 0.169±.006 3.112±.008

T2M-GPT-Motion-X 9.221±.020 2.931±.011 18.819±.229 0.490±.003 0.677±.003 0.772±.002 0.234±.009 3.135±.011

T2M-GPT-Mimic-X 9.085±.017 1.120±.009 17.828±.292 0.488±.002 0.677±.002 0.775±.002 0.190±.008 3.101±.009

ReMoDiffuse 28.995±.074 2.627±.074 36.267±.125 0.498±.002 0.674±.003 0.772±.003 0.127±.005 3.052±.009

ReMoDiffuse-Motion-X 26.381±.042 2.713±.090 29.369±.209 0.482±.003 0.665±.003 0.761±.002 0.227±.006 3.133±.011

ReMoDiffuse-Mimic-X 24.588±.044 1.677±.023 27.525±.312 0.498±.003 0.681±.002 0.773±.001 0.158±.006 3.028±.009

Table 3: Quantitative evaluation on the HumanML3D, Motion-X, and Mimic-X dataset. The best results are highlighted as 1st.

For fair comparison, we also finetune MaskedMimic on
each motion sequences in the test dataset. Details can be
found in the supplementary material.

Ablation Studies To evaluate the contribution of each
component in our method, we perform several ablation stud-
ies. In the following, we will detail these experiments.

Auto-encoder Module. In this experiment, denoted as w/o
enc, we remove the auto-encoder module. As shown in Ta-
ble 2, the auto-encoder module significantly reduces the av-
erage fine-tuning time in our framework, from 12.5 minutes
to 9.0 minutes. Additionally, we observe that this module
helps mimic the motion more accurately and alleviates mo-
tion jitters, as indicated by the lower Vel and Accel values.

Option Arrangement. To evaluate the effectiveness of our
proposed dynamic programming option selector, we replace
it with a naive clustering strategy: assigning each motion se-
quence with single cluster according to the motion feature.
This ablation study is referred to as w/o dp. From the results
in Table 2, we can observe that our dynamic programming-
based approach not only improves performance but also re-
duces the average fine-tuning time.

Clustering. In our experiments, we cluster the training set
of the Human3.6M dataset into 4 clusters using a cluster ra-
dius threshold of rmax = 40. Therefore, our model size is
94.4MB (23.6MB for each control network). To assess the
impact of this clustering approach, we conduct the following
experiments: 1) We use a controller 4 times larger to mimic
the entire Human3.6M dataset, referred to as Whole4×; 2)
We cluster the dataset using different cluster radius thresh-
olds of 20, 50, and 70, resulting in variant referred to as
r = 20, r = 50, and Whole1×. The results in Table 2 illus-
trate that using a larger controller to mimic the entire dataset
is challenging, since the fine-tuning time for Whole4× is
three times as long as our model. We also find that cluster-
ing the dataset into an appropriate size achieves the highest
mimic quality and the shortest fine-tuning time. Too many or
too few clusters will lead to poor results or increased fine-
tuning time.

Other Evaluations. To evaluate the effectiveness of our
method in reducing the training time required to mimic the
entire dataset, we report the training time for mimicking
each motion sequence separately from scratch, referred to
as scratch. Additionally, we present the results before fine-
tuning, referred to as w/o ft. The results in Table 2 demon-
strate that our adaptive option framework drastically reduces
the time required to mimic various motions, from an av-
erage of 181.4 minutes to 9.0 minutes. Although approx-

imately 2 days of pre-training are required for the option
controllers, fine-tuning significantly accelerates dataset con-
struction, particularly when handling thousands of motion
sequences. We also observe that without fine-tuning, our
controllers perform poorly. More details can be found in the
supplementary material.

4.2 Impact on Text-driven Motion Generation
To evaluate the impact of the Mimic-X dataset on text-
driven motion generation, we train and evaluate two differ-
ent methods: T2M-GPT (Zhang et al. 2023a), a transformer-
based approach, and ReMoDiffuse (Zhang et al. 2023b),
a diffusion-based approach. Specifically, we train these
models on the Mimic-X and HumanML3D (Guo et al.
2022) datasets, referred to as T2M-GPT-Mimic-X and
ReMoDiffuse-Mimic-X. We also train the models on the
corresponding subset of Motion-X (Lin et al. 2023) and
HumanML3D datasets, termed T2M-GPT-Motion-X and
ReMoDiffuse-Motion-X. For fair comparison, we re-train
T2M-GPT using the preprocessed HumanML3D dataset
from ReMoDiffuse (Zhang et al. 2023b) and evaluate on the
corresponding test dataset.

In addition to the original metrics used in their papers, we
report physical metrics described in section 4.1. As shown in
Table 3, the models trained with our Mimic-X always rank
in the top 1 on the physical metrics, and get comparable re-
sults on generation metrics. These results indicate that in-
tegrating a large-scale, physically plausible human motion
dataset does not degrade the model performance in terms of
generation metrics, and can improve the physical plausibil-
ity (visual results can be found in the accompanying video).

5 Conclusion
In this paper, we present a large-scale, physically plausible
human motion dataset called Mimic-X, which is constructed
by mimicking the largest existing motion dataset, Motion-X.
To build this dataset efficiently, we propose an adaptive op-
tion framework, which can fast adapt the pre-train option
controllers to mimic each motion sequence in a physics en-
gine. Comprehensive experiments demonstrate that the mo-
tions in Mimic-X exhibit higher quality and greater physi-
cal plausibility than existing datasets, and they significantly
benefit motion modeling tasks such as motion generation.
Limitation. Our adaptive option framework fails to mimic
motions extracted from videos with dramatic camera move-
ments, as disentangling human motion from camera motion
remains an open issue.
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