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Abstract

Human motion generation has been widely studied due
to its crucial role in areas such as digital humans and
humanoid robot control. However, many current motion
generation approaches disregard physics constraints, fre-
quently resulting in physically implausible motions with
pronounced artifacts such as floating and foot sliding.
Meanwhile, training an effective motion physics optimizer
with noisy motion data remains largely unexplored. In this
paper, we propose Morph, a Motion-Free physics optimiza-
tion framework, consisting of a Motion Generator and a
Motion Physics Refinement module, for enhancing physical
plausibility without relying on expensive real-world motion
data. Specifically, the motion generator is responsible for
providing large-scale synthetic, noisy motion data, while
the motion physics refinement module utilizes these syn-
thetic data to learn a motion imitator within a physics sim-
ulator, enforcing physical constraints to project the noisy
motions into a physically-plausible space. Additionally, we
introduce a prior reward module to enhance the stability
of the physics optimization process and generate smoother
and more stable motions. These physically refined mo-
tions are then used to fine-tune the motion generator, fur-
ther enhancing its capability. This collaborative training
paradigm enables mutual enhancement between the mo-
tion generator and the motion physics refinement module,
significantly improving practicality and robustness in real-
world applications. Experiments on both text-to-motion
and music-to-dance generation tasks demonstrate that our
framework achieves state-of-the-art motion quality while
improving physical plausibility drastically.

*Equal contribution
†Corresponding author
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Figure 1. Examples of physical inconsistencies in generations.

1. Introduction

Accurate human motion synthesis plays a crucial role in ap-
plications such as robotics, video gaming, and virtual re-
ality [1, 9, 38, 46, 47]. Recent advances in AI have en-
abled motion generation under various control conditions,
including textual descriptions and music inputs. Current
approaches can be categorized into three main paradigms:
conditional diffusion models [15, 34, 35, 41, 43], condi-
tional autoregressive models [12, 19, 26, 48, 49], and gen-
erative masked modeling [8, 27]. These models have sig-
nificantly improved the quality of generated motion by bet-
ter capturing the complex multimodal distribution of human
movement.

However, most existing motion generation approaches
overlook a fundamental aspect of human motion: the laws
of physical. Although these generation models excel in cap-
turing statistical distribution of human motions, they lack
explicit mechanisms to enforce physical constrains. As a
result, the generated motions frequently exhibit pronounced
artifacts such as ground penetration, leaning backward, in-
terpenetration, foot sliding, floating and unnatural rotation,
as shown in Fig. 1. Given human sensitivity to even slight
physical inconsistencies, these physically implausible mo-
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tions hinder many real-world applications such as animation
and virtual reality [11, 30, 41].

Recently, a few studies [10, 41] have attempted to en-
hance the physical plausibility of motion generation, mak-
ing the generated motions more realistic. For example,
PhysDiff [41] and Reindiffuse [10] incorporate physical
constraints into the denoising diffusion process. However,
these approaches face two main limitations. On the one
hand, although these works [10, 41] introduce promising
approaches for motion physics optimization, their general-
izability and transferability across different types of motion
generation models and tasks have not been fully demon-
strated or explored. On the other hand, these works ap-
ply physics and diffusion iteratively, embedding physics
optimization into multiple steps of diffusion process. The
frequent execution of physics optimization significantly in-
creases computational costs during inference. Additionally,
prior studies [20–22] have explored physics-based human
motion imitation using a physics simulator, typically rely-
ing on large-scale real 3D motion data as priors to enhance
accuracy and naturalness in imitation learning. However,
collecting large-scale realistic motion data is challenging.
A natural question arises: Is it possible to learn an efficient,
model-agnostic physical optimizer without relying on real
motion data?

To achieve this, we propose a Motion-free physics opti-
mization framework, namely Morph. As shown in Fig. 2,
Morph consists of two main modules: a Motion Genera-
tor (MG) that can be any existing motion generator, and
a Motion Physic Refinement (MPR) module for enhanc-
ing physical plausibility. Morph employs a two-stage opti-
mization process. In the first stage, using large-scale noisy
motion data produced by the motion generator, MPR mod-
ule is optimized to project input motions into a physically-
plausible space. Specifically, MPR module designs a mo-
tion imitator that controls a character agent to mimic the
given noisy motions within a physics simulator. The simu-
lator enforces multiple physical constraints, effectively re-
ducing artifacts such as floating and foot sliding. To further
ensure the naturalness of simulated motions, MPR module
introduces a prior reward module to align the distribution
of physics-refined motions with that of input motions. This
prior reward module can provide smoother and more sta-
ble rewards. Feedback signals from both physics simula-
tor and prior reward module guide the optimization of the
motion imitator via reinforcement learning. In the second
stage, we address the limitations of pretrained motion gen-
erators, which may not be trained on data that adheres to
physical constraints and thus produce suboptimal results.
To this end, we finetune the motion generator using the
physic-refined motion data produced by MPR module, fur-
ther enhancing its generation capability. During inference,
the fine-tuned motion generator and MPR module work in

tandem to generate physics-plausible and high-quality mo-
tions.

By fostering the synergy between motion generation and
motion physics refinement, morph provides a scalable, ef-
ficient, and generalizable solution to realistic human mo-
tion synthesis. We evaluate our morph framework on text-
to-motion and music-to-dance tasks, using diffusion-based,
autoregressive, and generative mask models. Extensive ex-
periments demonstrate that morph achieves significant re-
duces physical errors, while maintaining competitive mo-
tion quality across different generators and tasks, despite
not being trained on real motion data.

Our contributions can be summarized as follows:
• We introduce Morph, a generalizable framework that en-

hances physical plausibility and generation quality across
various motion generation models and tasks. Also, a prior
reward module is designed to accelerate imitation learn-
ing and improve motion realism in physics simulation.

• We design a collaborative training paradigm, where the
Motion Generator provides large-scale synthetic motion
data to enhance the Motion Physics Refinement module,
which, in turn, refines motion quality by feeding back
physics-refined data.

• Extensive qualitative and quantitative experiments
demonstrate that Morph achieves competitive physical
plausibility and generation performance.

2. Related Work

Human Motion Generation. Motion generation is a long-
history task that can be conditioned on various signals,
such as text description, music and action [2, 4, 7, 8, 16,
17, 31, 32, 35, 39, 42, 45, 50]. Our work specifically fo-
cuses on text-to-motion [7, 8, 27, 34, 42, 44] and music-to-
dance generation [15, 23, 31, 35]. Mainstream approaches
can be roughly divided into three categories: diffusion-
based methods [3, 15, 34, 35, 41, 43], autoregressive models
[12, 18, 19, 31, 42, 48, 49] and generative masked model-
ing [8, 27]. For instance, MDM [34] uses a transformer-
based diffusion model with conditional text representations
extracted from CLIP [29]. T2M-GPT [42] designs a condi-
tional autoregressive transformer model based on VQ-VAE
[36] and GPT [28, 37]. MoMask [8] employs residual vec-
tor quantization and generative masked transformers to it-
eratively generate motions. For music-to-dance generation,
Bailando [31] predicts discrete token sequences conditioned
on music and uses an autoregressive transformer to regen-
erate the dance sequence. However, existing motion gen-
eration models often produce physically implausible mo-
tions, as they overlook physical laws during training. In
contrast, our proposed MPR module effectively enforces
physical constraints, significantly enhancing the physically
plausibility of generated motions.
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Figure 2. An overview of the Morph framework. Morph comprises a Motion Generator and a Motion Physics Refinement module. Morph
employs a two-stage training process: Motion Physics Refinement module training and Motion Generator fine-tuning. And a Imitation
Selection Operation is employed to ensure the motion quality after physics refinement. The solid curved arrows on the left and right (in
orange and green) represent the iterative, collaborative optimization between Stage 1 and Stage 2.

Physically Plausible Motion Generation. Physical plau-
sibility refers to the degree to which generated motions ad-
here to physical rules, such as foot sliding, foot-ground con-
tact, and body leaning. Generating physically-plausible mo-
tions is crucial for many real-world applications, such as
animation and virtual reality. Recently, a few works have
attempted to address this challenge [10, 35, 41]. For exam-
ple, [10, 41] integrate physical constraints into the diffusion
process, iteratively applying physics and diffusion to main-
tain alignment with motion data distribution while enhanc-
ing physical realism. EDGE [35] introduces auxiliary losses
to align specific aspects of physical realism, specifically
for generating more physically plausible dances. However,
these methods rely on real motion data and have not fully
demonstrated generalizability across different motion gen-
eration models and tasks, limiting their flexibility and scal-
ability.

3. Method
To enhance physical plausibility of motion generation with-
out relying on real motion data, we propose a motion-free
physics optimization framework, namely morph. As illus-
trated in Fig. 2, morph consists of two key modules: a Mo-
tion Generator (MG) that could be any existing pre-trained
motion generation model, and a Motion Physics Refinement
module (MPR) independent of Motion Generator. Morph
employs a two-stage training process. In the first stage, the
Motion Generator produces large-scale noisy motion data
(Sec. 3.1), which is subsequently used to train the Physics
Refinement module to map input motions into a physi-
cally plausible space (Sec. 3.2). In the second stage, these

physics-refined motions, in turn, are used to fine-tune Mo-
tion Generator, further enhancing its capabilities (Sec 3.3).
Through these two-stage training process, morph drastically
reduces physical errors while improving the overall quality
of generated motions.

3.1. Noisy Motion Data Generation
Different from [10, 41] that rely on real motion data,
our goal is to develop a motion-free physical optimization
framework. To achieve this, we utilize an existing pre-
trained motion generation model to produce large-scale,
noisy motion data for training the physics refinement mod-
ule. As shown in Fig. 2, given control signals c (e.g., text
or music), the pre-trained motion generator is employed to
generate a motion sequence x̃1:L, as follows:

x̃1:L = fξ (c) ,where, x̃1:L =
{
x̃l =

[
θl,pl

]}L

l=1
, (1)

where fξ represents the motion generator with parameters
ξ, x̃l denotes the lth pose of the synthetic motion sequence,
represented by the joint rotations θ and positions p. No-
tably, our framework, morph, is agnostic to the specific in-
stantiation of fξ, allowing it to be generally compatible with
various pretrained motion generators.

3.2. Physics-Based Motion Refinement
Since most existing motion generation models lack explicit
physical constraints, they often produce motions with no-
ticeable artifacts, as shown in Fig. 1. To address this, the
Motion Physics Refinement (MPR) module is tasked with
projecting the generated motion x̃1:L, which disregards the
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laws of physics, into a physically-plausible motion x̂1:L. As
shown in Fig. 2, the MPR module consists of three compo-
nents: a motion imitator, a physics simulator and a motion
prior reward model. Specifically, the motion imitator con-
trols a simulated character to mimic the input motion x̃1:L

within the physics simulator. The resulting motion x̂1:L

from the physics simulator is considered physically plau-
sible, as it adheres to the laws of physics. Additionally, the
prior reward model penalize the non-human motions further
ensuring the naturalness and realism of the physics-refined
motions.

Motion Imitator Learning. Motion Imitator Learning
can be formulated as a Markov decision process, repre-
sented by the tuple (S,A, T ,R) of states, actions, transi-
tion dynamics and reward function. Formally, the motion
imitator is described by a policy π

(
al|sl

)
, which specifies

the probability distribution of selecting an action al ∈ A
given the current state sl ∈ S . The physic simulator, in
turn, defines the transition dynamics T

(
sl+1|sl,al

)
, which

determines the next state sl+1 based on current state sl

and action al. Specifically, starting from an initial state
s1, a character agent acts in the physic simulator according
to policy π

(
al|sl

)
, iteratively sampling action al. Then,

the physic simulator, governed by the transition dynamics
T
(
sl+1|sl,al

)
, generates the next state sl+1, from which

the simulated pose x̂l+1 is derived. By running the policy
for L steps, we can obtain the simulated motion sequence
x̂1:L. In implementation, we adopt a standard RL algorithm
Proximal Policy Optimization (PPO) to train the motion im-
itator π, where a reward is assigned based on how well the
simulated motion x̂1:L aligns with input motion x̃1:L. In
the following, we elaborate on the design of states, rewards,
policy and actions.

States. The simulation state sl consists of the input
motion’s next pose, along with the differences between
the input next pose and the current simulated pose across
multiple aspects, including joint rotation, position, velocity
and angular velocity. This difference information informs
the policy of the pose residuals that require compensation,
enabling the system to better align the simulated motion
with the input motion. Formally, the state is defined as sl =[
θ̃l+1, p̃l+1, θ̃l+1 − θ̂l, p̃l+1 − p̂l, ṽl+1 − v̂l, ω̃l − ω̂l

]
.

Here, θ, p, v and ω represent the joint rotation, position,
joint velocity, and angular velocity, respectively, [̃·]/[̂·]
denote the quantities of the input/simulated motions, and
[·]l denotes the quantities at the lth timestep.

Actions. We use the target joint angles of proportional
derivative (PD) controllers as the action representation,
where the action al specifies the PD target to enable robust
motion imitation.

Policy. Following [10, 22, 41], we employ a parameter-
ized Gaussian policy π

(
al|sl

)
= N

(
µϕ

(
sl
)
,Σ

)
, where

the mean action µϕ

(
sl
)

is the output by our motion imita-
tor, a simple multi-layer perceptron network with parameter
ϕ, and Σ is a fixed diagonal covariance matrix.

Rewards. The reward function is designed to encourage
the simulated motion to match the input motion. At each
timestep l, the reward rl consists of a mimic reward rlm and
a energy penalty rle and a prior reward rlp, formulating as
rl = rlm + rle + rlp. The mimic reward rlm includes joint
rotation θ, position p, joint velocity v and angular velocity
ω, as follows:

rlm = wθ exp
[
−αθ

∣∣∣θ̃l − θ̂l
∣∣∣]+ wp exp

[
−αp

∣∣∣p̃l − p̂l
∣∣∣]

+ wv exp
[
−αv

∣∣∣ṽl − v̂l
∣∣∣]+ wω exp

[
−αω

∣∣∣ω̃l − ω̂l
∣∣∣] , (2)

where wθ, wp, wv , wω , are weighting factors, αθ, αp, αv ,
αω are scaling factors, [̃·]/[̂·] denote the quantities of the
input/simulated pose, and |·| is the L1 norm.

The energy penalty is computed as:

rle = −0.0005 ·
∥∥ν̂lω̂l

∥∥2
2
, (3)

where ν̂l and ω̂l denotes the joint torque and angular veloc-
ity of the simulated pose in the lth timestep, and ∥·∥2 is the
L2 norm.

Prior Reward Module. Relying solely on physical simu-
lators and imitation learning often results in non-human-like
actions, characterized by a mechanical feel and unrealistic
rotations. Previous works [22, 25] have attempted to ad-
dress these issues by employing adversarial-based methods
trained on high-quality motion data to incorporate human
motion knowledge, improving the naturalness of the mo-
tion. However, this adversarial-based method often suffers
from training instability and produces rewards that are not
smooth enough, which also prolongs the overall imitation
learning training process. To address this issue, we propose
a Motion VAE Reward model as a prior to constrain the mo-
tion generated by the physics simulator, making it more nat-
ural. As shown in Fig. 2, to accelerate the training speed of
motion imitation learning, we first train a lightweight Mo-
tion VAE model using motion data generated by the motion
generator. This allows the model to effectively learn the dis-
tribution of the generated data. The objective function for
optimizing the Motion VAE model is as follows:

L(θ, ϕ; s) = Eqϕ(z|∆s) [log pθ(∆s|z)]−DKL (qϕ(z|∆s) ∥ p(z))
(4)

where θ and ϕ denote the parameters of VAE, ∆s refer to
the difference in state between two consecutive time steps
for reference motion. DKL(·, ·) refers to the KL divergence.

As shown in Fig. 2, after the Motion VAE model is
trained, the pre-trained Motion VAE model is applied to
compute rewards as follows:

rlp = 1− 1

1 + e−||∆s−∆s|| , (5)
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where ∆s and ∆s refer to the difference in state between
two consecutive time steps for simulated motion and the re-
constructed simulated motion, respectively. ∥·∥ is the L1
norm.

Initialization and Early Termination. Similar to [24],
a starting point is randomly selected from a motion clip
for imitation. To improve training efficiency and acceler-
ate convergence, we terminate the episode when the MPJPE
(Mean Per Joint Position Error) between the state of input
pose and that of simulated pose exceeds 0.5 meter.

Hard Negative Mining. As training progresses, the mo-
tion imitator gradually learns to imitate simple motion se-
quences. However, more challenging examples in the
large-scale motion dataset may be overlooked, limiting the
model’s ability to handle difficult samples. To address this,
we implement a Hard Negative Mining process that identi-
fies motions where the physical simulator fails to imitate as
hard samples. Specifically, a dynamic weight is assigned to
each motion sequence for sampling, doubling whenever im-
itation fails. This process progressively increases the focus
on challenging samples, guiding the imitator to effectively
learn from difficult examples.

3.3. Motion Generator Fine-tuning
Existing motion generators are often trained with limited
real motion data, which may limit their capabilities. How-
ever, collecting large-scale real 3D motion data is costly.
So, we leverage a large volume of synthetic, physically-
plausible motion data provided by MPR module, to further
enhance the capabilities of the motion generator.

As shown in Fig. 2, in the second stage, we further fine-
tune the motion generator using the physics-refined motions
produced by the MPR module. Notably, since the physical
simulator cannot replicate non-grounded motions (e.g., sit-
ting on a chair or swimming), such simulated motions may
deviate from the true data distribution. To this end, we ap-
ply an Imitation Selection Operation to filter out simulated
data of non-grounded motions. Specifically, we calculate
the average per-joint position error (MPJPE) between the
samples before and after physical optimization. A thresh-
old τ is set to determine whether to accept the physically
refined motion x̂1:L (with MPJPE < τ ) or input motions
x̃1:L (with MPJPE > τ ). The selected data is then paired
with the original condition signals (e.g., text or music). Ul-
timately, a large-scale, physically plausible motion data is
constructed for fine-tuning the motion generator.

Following [8, 34], we use the mean squared error to op-
timize the motion generator. Denote the selected motion se-
quence paired with the condition as

(
x1:L, c

)
, the objective

function for motion generator fξ is defined as:

LMG (ξ) = E
[∥∥x1:L − fξ (c)

∥∥2
2

]
(6)

where ξ is the parameters of the motion generator.

Multi-Round Iterative Optimization. In Fig. 2, we de-
fine the complete two-stage process as a single training
round. To maximize the synergy between the MG and MPR
modules, we repeat this process multiple times, using the
model weights from each round as initialization for the next,
thus creating a multi-round iterative training paradigm. We
present the results of this iterative training in the Appendix,
demonstrating its effectiveness and potential.

Inference. As shown in Fig 2, after the two-stage opti-
mization, the finetuned motion generator (Stage 2) and the
trained MPR module (Stage 1) are combined to perform in-
ference. To mitigate simulation error in non-grounded mo-
tions, the imitation selection operation described above is
used as a post-process step.

4. Experiment
Extensive experiments evaluate the performance of our
Morph across multiple motion generation tasks and
datasets. Specifically, we assess Morph on two motion
generation tasks, text-to-motion and music-to-dance. As
Morph is agnostic to specific instantiation of generation
models, we combine Morph with three types of generation
models for text-to-motion, i.e., diffusion-based models, in-
cluding MotionDiffuse [42] and MDM [33], autoregressive-
based models, including T2M-GPT [42] and generative
make modeling, including MoMask [8]. For music-to-
dance, we combine Morph with the diffusion-based model
EDGE [35] and autoregressive model Bailando [31]. The
Appendix provides additional visualizations and experi-
mental results showcasing Morph’s performance on varying
amounts of noisy motion data, different and threshold τ in
imitation selection opeartion, and multi-round optimization
of the MPR module and motion generator.

4.1. Datasets and Evaluation Metrics
HumanML3D. HumanML3D [6] is a large-scale 3D hu-
man motion-language dataset, consisting of 14,616 motion
clips and 44,970 motion descriptions annotations. The to-
tal motion duration is 28.59 hours, with each motion clip
downsampled to 20 FPS and accompanied by 3-4 textual
descriptions. The dataset is split into training, validation
and test sets in an 80%, 5% and 15% ratios.
AIST++. AIST++ [14] is a human dance-music dataset,
which includes 992 pieces of high-quality dance sequence
across ten dance genres, each dance paired with a corre-
sponding music. The dance durations range from 7.4 to 48
seconds, with a frame rate of 60 FPS. The dataset is split
into training and evaluation sets, with allocations of 952 and
40, respectively.
Evaluation Metrics. We evaluate motion generation from
two perspectives: common generation metrics and physi-
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Table 1. Ablation study on Morph-MoMask (combined with MoMask [8] generator) for text-to-motion task on HumanML3D dataset.
IS: imitation selection operation; Prior: using prior reward training MPR module; Adv: using adversarial reward training MPR module;
Energy: using energy reward training MPR module; Real Data: using real motion data training MPR module; FT: fine-tuning Motion
Generator with physics-refined motions. The arrows (↑ / ↓) indicate that higher/smaller values are better.

Model Number Methods Common Generation Metrics Physical Plausibility Metrics

IS Prior Adv Energy Real Data FT RTOP-3 ↑ FID ↓ PFC ↓ Penetrate ↓ Float ↓ Skate ↓ IFR ↓
A Baseline (only motion generator MoMask [8]) 0.807 0.045 1.058 23.152 10.660 5.262 -
B ✓ ✓ 0.800 0.172 0.821 0.000 2.233 0.016 0.0152
C ✓ ✓ 0.792 0.194 0.852 0.000 2.272 0.020 0.0155
D ✓ ✓ 0.782 0.276 0.735 0.000 2.554 0.032 0.0362
E ✓ ✓ 0.795 0.163 0.711 0.000 2.362 0.024 0.0270
F ✓ ✓ ✓ 0.802 0.074 0.669 0.000 2.268 0.011 0.0153
G ✓ ✓ ✓ ✓ 0.792 0.179 0.734 0.000 2.420 0.015 0.0327
H ✓ ✓ ✓ ✓ 0.816 0.041 0.647 0.000 2.141 0.010 0.0149

cal plausibility metrics. First, for text-to-motion generation,
we follow [7, 44] and use three standard metrics: Frechet
Inception Distance (FID), which measures the distance be-
tween generated and ground-truth motion distributions; R-
Precision (RTOP-1, RTOP-2, RTOP-3), which computes re-
trieval accuracy of generated motions based on input text;
and Diversity (Div), which measures the diversity of gen-
erated motions. For music-to-dance generation, following
[15, 31, 40], we use five metrics: FIDk and Divk for ki-
netic features (denoted ‘k’); FIDg and Divg for geometric
features (denoted ‘g’); and Beat Align Score (BAS), which
measures the alignment between input music and generated
dances.

Next, we present the physical plausibility metrics. Fol-
lowing [35, 41], we use four physic-based metrics to assess
the physical plausibility of generated motions: Penetrate
that measures ground penetration; Float that measures float-
ing; Skate that measures foot sliding; Physical Foot Contact
score (PFC) that measures the realism of foot-ground con-
tact. Additionally, we introduce an imitation selection met-
ric, imitation failure rate (IFR), which calculates the failure
rate of the physics refinement module in imitating motion.

4.2. Implementation Details

Training Setup. We implement Morph based on PyTorch.
The NVIDIA’s Isaac Gym is used as the physics simula-
tor. During the MPR module’s training phase (Stage 1), we
employ the Adam optimizer, with a batch size of 64 and a
learning rate of 4 × 10−5. During the finetuning of motion
generator (Stage 2), we follow the original training setup,
only adjusting the learning rate to 1 × 10−5. For hyper-
parameters setting, we set wθ, wq , wv and ww (Eq. 2) to
0.5, 0.3, 0.1 and 0.1, αθ, αq , αv and αw (Eq. 2) to 100,
10, 0.1 and 0.1 and the imitation selection threshold τ is set
to 0.5. All our experiments are conducted on 8 Tesla V100
GPUs. Further details on implementation and hyperparam-
eter analysis are provided in the Appendix.
Data Preprocessing. In text-to-motion generation, some
motion sequences involve environmental interactions, such

as sitting down, climbing stairs, and swimming, which can-
not be simulated by current physical simulator. There-
fore, we annotate each text description in HumanML3D [6]
based on its semantic content. Text Descriptions involving
interaction-based motions are labeled as ‘0’, while other de-
scriptions are labeled as ‘1’. Text labeled as ‘1’ will be used
to train the MPR module in Stage 1. We will release this an-
notation on HumanML3D in the final version.

4.3. Ablation Studies

In this section, we conduct ablation studies to validate the
effectiveness of each part of our method. We use Mo-
Mask [8] as the motion generator in Morph, denoted as
Morph-MoMask, throughout the ablation studies. The ab-
lation results are shown in Tab. 1.
Effectiveness of training MPR module using only gener-
ated data. We investigate the effectiveness of using only
synthetic motion data from two perspectives: its overall ef-
fectiveness and its performance relative to training with real
motion data. First, we compare the baseline model A (only
the MoMask generator) and model F which combines Mo-
Mask with the trained MPR module. In Tab. 1, model F
outperforms model A on all physical metrics (0.669/1.058
on PFC, 0.0/23.152 on Penetrate, 2.268/10.66 on Float,
0.011/5.262 on Skate), while maintaining competitive per-
formance on generation metrics. These results confirm the
feasibility of training the MPR module solely with synthetic
data. Next, we compare model F with model G, which
uses real motion data to train the MPR module. In Tab. 1,
model G achieves inferior performance compared to model
F. This can be attributed to the significant domain gap be-
tween the training data (real motions) and test data (gener-
ated motions). This gap hinders the MPR module trained on
real data from effectively adapting to the generated motion
data, leading to performance decline.
Effectiveness of prior reward and energy reward. When
training the MPR module, we add an prior reward and en-
ergy reward alongside the common imitation task reward.
In Tab. 1, comparing model F with model D, which omits
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Table 2. Comparison results for text-to-motion task on HumanML3D dataset. Morph is combined with different types of motion generators.
MG: Motion Generator; MPR: Motion Physics Refinement module; FT: fine-tuning motion generator with the physics-refined motion data.
† denotes Morph without fine-tuning the motion generator (only Stage 1 training)

MG MPR FT Common Generation Metrics Physical Plausibility Metrics

RTOP-1 ↑ RTOP-3 ↑ FID ↓ Diversity ↑ PFC ↓ Penetrate ↓ Float ↓ Skate ↓ IFR ↓
PhysDiff w/ MD [41] - - - 0.780 0.551 - - 0.898 1.368 0.423 -
PhysDiff w/ MDM [41] - - - 0.631 0.433 - - 0.998 2.601 0.512 -
Reindiffuse [10] - - - 0.622 0.385 - - 0.000 0.711 0.058 -
MDM [33] - - 0.455 0.749 0.489 9.920 0.811 17.384 17.502 3.540 -
Morph-MDM† ✓ 0.449 0.748 0.496 9.736 0.715 0.000 2.271 0.017 0.0176
Morph-MDM ✓ ✓ 0.471 0.757 0.482 9.865 0.697 0.000 2.258 0.016 0.0153
MotionDiffuse(MD) [42] - - 0.491 0.782 0.630 9.410 0.533 16.670 5.698 3.419 -
Morph-MD† ✓ 0.488 0.782 0.649 9.523 0.433 0.000 1.162 0.028 0.0181
Morph-MD ✓ ✓ 0.494 0.788 0.568 9.493 0.414 0.000 0.853 0.029 0.0163
T2M-GPT [42] - - 0.491 0.775 0.116 9.761 0.998 72.250 8.918 7.801 -
Morph-T2M-GPT† ✓ 0.490 0.774 0.133 9.648 0.764 0.000 2.702 0.042 0.0205
Morph-T2M-GPT ✓ ✓ 0.498 0.784 0.105 9.771 0.748 0.000 2.700 0.039 0.0195
MoMask [8] - - 0.521 0.807 0.045 9.641 1.058 23.152 10.660 5.262 -
Morph-MoMask† ✓ 0.516 0.802 0.074 9.578 0.669 0.000 2.268 0.011 0.0153
Morph-MoMask ✓ ✓ 0.525 0.816 0.041 9.689 0.645 0.000 2.141 0.010 0.0149

Table 3. Comparison results on common generation metrics for text-to-motion on HumanML3D dataset.

Methods RTOP-1 ↑ RTOP-2 ↑ RTOP-3 ↑ FID ↓ MM-Dist ↓ Diversity ↑ MModality ↑

MDM [33] 0.455 0.645 0.749 0.489 3.330 9.920 2.290
MotionDiffuse (MD) [44] 0.491 0.681 0.782 0.630 3.113 9.410 1.553
MLD [3] 0.481 0.673 0.772 0.473 3.196 9.724 2.413
T2M-GPT [42] 0.491 0.680 0.775 0.116 3.118 9.761 1.856
AttT2M [49] 0.499 0.690 0.786 0.112 3.038 9.700 2.452
MMM [27] 0.515 0.708 0.804 0.089 2.926 9.577 1.226
MoMask [8] 0.521 0.713 0.807 0.045 2.958 9.641 1.241
BAMM [26] 0.525 0.720 0.814 0.055 2.919 9.717 1.687
Morph-MDM 0.471 0.664 0.757 0.482 3.103 9.865 2.179
Morph-MD 0.494 0.691 0.788 0.568 3.000 9.494 1.582
Morph-T2M-GPT 0.498 0.690 0.784 0.105 2.994 9.771 1.910
Morph-MoMask 0.525 0.726 0.816 0.041 2.920 9.689 1.655

the prior reward, we observe a performance decline in both
generation and physical metrics on model D. The signif-
icant drop in FID metric indicates that, without the prior
reward, the simulated motions lack the distribution con-
straints of the input motions, leading to a deviation from the
intended motion distribution. The B, which leverages prior
rewards, significantly outperforms model C, which uses ad-
versarial rewards, across various generation and physics-
based metrics. This highlights the superior effectiveness of
the proposed prior reward over the adversarial reward. We
compare model F with E, which omits the energy reward.
As shown in Tab. 1, model F outperforms model E in gen-
eration metrics. We argue that introducing energy reward
helps suppress high-frequency jitter during the humanoid
robot control process, resulting in more natural motions.

Effectiveness of imitation selection strategy. Like [10,
41], the proposed Morph focuses on addressing physical in-
consistencies in non-interactive and ground-contact human

motions. In training and testing data, there are some in-
teractive and non-grounded motions, such as sitting on a
chair, swimming, or climbing stairs. To ensure the quality
of the motions after refining, we design an imitation selec-
tion operation to filter out the simulations of such motions.
In Tab. 1, we compare model F with B, which omits the
imitation selection operation. As shown, model F outper-
forms B in both generation and physic metrics, validating
the effectiveness of the imitation selection strategy.

Effectiveness of finetuning motion generator using sim-
ulated motions. Furthermore, we compare model F and
model H, which finetunes the motion generator using the
physically refined motions produced by the MPR module.
As shown in Tab. 1, model H achieves further gains in both
generation and physic metrics, with RTOP-3 increasing by
1.4% and FID improving by 0.033. These results suggest
that the proposed MPR module can, in turn, enhance the
performance of the motion generator.
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Table 4. Comparison results for music-to-dance on AIST++ dataset. † denotes Morph without fine-tuning motion generator.

MG MPR FT
Common Generation Metrics Physical Plausibility Metrics

FIDk ↓ FIDg ↓ Divk ↑ Divg ↑ BAS ↑ PFC ↓ Penetrate ↓ Float ↓ Skate ↓ IFR ↓
FACT [13] - - 35.35 22.11 5.94 6.18 0.2209 - - - - -
TM2D [5] - - 19.01 20.09 9.45 6.36 0.2049 - - - - -
EDGE [35] - - 42.16 22.12 3.96 4.61 0.2334 0.610 76.490 60.982 7.906 -
Bailando [31] - - 28.16 9.62 7.83 6.34 0.2332 0.074 31.183 12.650 4.466 -
Morph-EDGE† ✓ 43.01 23.69 4.30 5.18 0.2229 0.302 0.000 3.720 0.011 0.0092
Morph-EDGE ✓ ✓ 39.24 19.82 4.93 5.36 0.2329 0.295 0.000 3.519 0.009 0.0082
Morph-Bailando† ✓ 35.48 12.03 7.70 6.49 0.2409 0.044 0.000 2.076 0.023 0.0064
Morph-Bailando ✓ ✓ 26.25 9.38 7.88 6.62 0.2412 0.043 0.000 2.057 0.021 0.0055

“A person sits down and gets up from a seated position after a second.”

Morph-MoMask MoMask

Floating

Leaning Forward

Penetration“A person picks up and steps forward.”

“The person is dancing the waltz.” Penetration

Figure 3. Qualitative comparison between our Morph-MoMask
and MoMask in text-to-motion task. Morph-MoMask significantly
reduces physical artifacts such as leaning forward, floating and
penetration.

4.4. Evaluation with Different Motion Generators
We evaluate the adaptability of our Morph with differ-
ent motion generators, including MDM [33], Motiondif-
fuse [44], T2M-GPT [42], and MoMask [8]. As shown in
Tab. 2, Morph significantly enhances physical fidelity while
maintaining competitive generation metrics across differ-
ent motion generation models. For example, after integrat-
ing Morph with MDM (Morph-MDM), RTOP-1 metric im-
proved by 0.016. In terms of physical plausibility metrics,
penetration dropped to zero, float decreased from 17.502
to 2.258, and skate reduced from 3.540 to 0.016. Similar
performance improvements are observed with other motion
generators. The consistent gains across different generators
highlight the versatility of our Morph framework.

4.5. Comparisons with State-of-the-arts

Main results on Text-to-Motion Generation. On the
text-to-motion dataset, HumanML3D, we compare Morph
framework with other state-of-the-art methods. The com-

parison results are shown in Tab. 2 and Tab. 3. As shown,
Morph achieves significant gains in physical metrics while
maintaining competitive performance in generation metrics,
demonstrating its capability to enhance physical plausibil-
ity. Fig. 3 illustrates the generated motions from both our
Morph-MoMask and MoMask. As shown, motions gen-
erated by MoMask often exhibit physically unrealistic ar-
tifacts, such as penetration, floating, and leaning forward.
In contrast, Morph-MoMask effectively reduces these arti-
facts, producing motions that are both physically plausible
and realistic.
Main results on Music-to-Dance Generation. On the
music-to-dance dataset, AIST++, we compare Morph com-
bined with EDGE [35] and Bailando [31] generators against
other state-of-the-art methods. As shown in Tab. 4, Morph
significantly improves physical metrics compared to exist-
ing methods. For generation metrics, our Morph-EDGE
model achieves the best results in multiple metrics, includ-
ing FIDg , Divg , and BAS, while also demonstrating com-
petitive performance in FIDk. These results validate the su-
periority of our framework in music-to-dance generation.

5. Conclusion
In this paper, we present Morph, a model-agnostic physical
optimization framework designed to enhance physical plau-
sibility in motion generation without relying on costly real-
world data. We begin by using a pretrained motion genera-
tor (MG) to synthesize large-scale noisy motion data. Then,
we introduce a Motion Physics Refinement (MPR) module
that leverages this synthesized data to train a motion imita-
tor enforcing physical constraints. These physically refined
motions are used to fine-tune the motion generator, further
enhancing its capabilities. To stabilize the physics optimiza-
tion process, we introduce a prior reward module. This col-
laborative training paradigm enables mutual enhancement
between MG and MPR module, improving practicality and
robustness. Our framework is compatible with various mo-
tion generation models for both text-to-motion and music-
to-dance tasks. Extensive experiments show that Morph
substantially improves physical plausibility while achieving
competitive generation quality.
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