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Abstract

Generating human motion from textual descriptions is
a challenging task. Existing methods either struggle with
physical credibility or are limited by the complexities of
physics simulations. In this paper, we present ReinDiffuse
that combines reinforcement learning with motion diffusion
model to generate physically credible human motions that
align with textual descriptions. Our method adapts Motion
Diffusion Model to output a parameterized distribution of
actions, making them compatible with reinforcement learn-
ing paradigms. We employ reinforcement learning with the
objective of maximizing physically plausible rewards to op-
timize motion generation for physical fidelity. Our approach
outperforms existing state-of-the-art models on two major
datasets, HumanML3D and KIT-ML, achieving significant
improvements in physical plausibility and motion quality.
Project: https://reindiffuse.github.io/

1. Introduction

The quest to generate human motion from textual de-
scriptions has been a frontier in several domains like aug-
mented reality/virtual reality (AR/VR), animation, gaming,
and robotics. This pursuit, however, has been marred by a
key challenge: producing motions that are not only realistic
but also adhere to the stringent laws of physics. This paper
introduces an innovative approach that integrates physical
commonsense on top of existing motion diffusion models
without having to resort to physical simulations.

We unveil a novel method that combines the strengths
of reinforcement learning with motion diffusion models to
create human motions that are not only physically credi-
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ble but also align seamlessly with textual descriptions. This
approach addresses the critical gap left by existing meth-
ods, which either struggle with physical credibility [33] or
are bogged down by the complexities of physics simula-
tions [43]. Compared to deep learning methods, super-
vised learning fits motion distributions on a fixed dataset,
while reinforcement learning allows models to learn from
rewards, enabling them to discover a wider range of reason-
able action distributions.

Our idea is inspired by the success of strong alignment
capabilities demonstrated by reinforcement learning (RL)
in natural language processing (NLP) and computer vision.
InstructGPT [26] devises a human feedback reward system
to enhance model alignment with human intent using RL.
Drawing from this insight, we explore reinforcement learn-
ing methods for improving the alignment between gener-
ated motion fidelity and adherence to physical laws for Mo-
tion Diffusion Model (MDM) [33]. However, the incom-
patibility between RL and MDM and designing reasonable
reward functions to incorporate physical commonsense are
challenging.

For the incompatibility problem, our solution hinges on
a unique adaptation of Motion Diffusion Model [33]. In-
spired by the classic RL algorithms [32, 37] and reparam-
eterization techniques [19], we retool these models to out-
put a parameterized distribution of actions, making them
compatible with reinforcement learning paradigms. This
adaptation is key to bridging the gap between the contin-
uous value output space of MDM and the probability dis-
tribution output of reinforcement learning models. For the
physical plausibility goal, it is challenging to learn phys-
ical laws through the design of reward functions without
physical simulation. Considering our goal is to generate
physically plausible motion, we do not necessarily need the
model to truly understand the physical laws. Instead, we
aim to encourage the model to minimize physical issues
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Figure 1. Our ReinDiffuse can generate physically plausible motion, effectively eliminating common physical issues such as floating,
penetration, foot clipping, and skating. ReinDiffuse enables MDM to learn physical commonsense with reinforcement learning.

caused by violations of these laws. With this perspective,
we design reward function that focuses on perceiving four
types of illogical behaviors that do not have physical valid-
ity, including sliding steps, floating, ground penetration and
foot clipping.

The heart of our approach is reinforcement learning pol-
icy optimization combined with meticulously crafted, phys-
ically plausible reward functions. We perform RL policy
gradient optimization with importance sampling to maxi-
mize the expected reward of motion diffusion model’s mo-
tion output, which involves two distinct models: a pre-
trained policy for action sampling and a RL policy that up-
dates based on these samples. This optimization strategy
ensures a harmonious balance between exploration and ex-
ploitation, crucial for learning realistic motion generation.

Our method’s efficacy is validated on two major datasets,
HumanML3D [8] and KIT-ML [30]. The results are com-
pelling. We achieve a remarkable improvement in physical
plausibility and motion quality, significantly outperforming
existing state-of-the-art models. Notably, our approach ex-
hibits a notable enhancement in motion quality as evidenced
by a 29% improvement in the Frechet Inception Distance
(FID) on the HumanML3D benchmark, and a 34% im-
provement on the KIT-ML benchmark. As shown in Fig. 1,
our ReinDiffuse effectively mitigate common physical is-
sues compared to the state-of-the-art MDM [33] methods.

Our contributions are manifold and significant:

* A novel approach that synergizes motion diffusion
models with reinforcement learning to generate physi-
cally credible human motions.

e An innovative adaptation of MDM for compatibility
with reinforcement learning, using parameterized ac-
tion distributions.

* A reinforcement learning optimization strategy paired
with a physically plausible reward, designed to opti-
mize motion generation for physical fidelity.

2. Related Work

Human Motion Generation. Human motion genera-
tion can be broadly classified into two categories: con-
ditioned and unconditioned. Conditioned inputs include
text [2,5,9,11,12,29], music [20,21,23,34], audio [1,44],
images [0, 31], objects [22], and trajectories [17, 36, 39].
Unconditioned models are represented by [28,41,48,49].

Recently, extensive research has been conducted on
text-driven motion generation models, which can be di-
vided into two main paradigms: Vector Quantized Vari-
ational Autoencoder (VQ-VAE) [35] based and diffusion-
based. Both paradigms demonstrate strong capabilities
in diversity and conditional matching. Notable VQ-VAE-
based models include T2M-GPT [45] and MotionGPT [15],
while diffusion-based models feature MotionDiffuse [46],
MDM [33], and ReMoDiffuse [47].
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T2M-GPT [45] proposes a two-stage motion training
method that incorporates convolution-based VQ-VAE and
Generative Pretrained Transformer(GPT). MotionGPT [15]
learns a motion-specific VQ-VAE model that converts raw
motion data into a sequence of motion tokens and intro-
duces a pretrained language model for motion-relevant gen-
eration tasks. MotionDiffuse [46] is the first diffusion-based
text-driven motion generation framework, supporting multi-
level manipulation to handle fine-grained text descriptions
of body parts. MDM [33] predicts instead of noise to ap-
ply the geometric loss in the multi-step diffusion process.
ReMoDiffuse [47] extends existing motion models with re-
trieval capabilities to enhance generalizability and diversity.

While current motion generation models have made sig-
nificant progress in conditioned matching and diversity,
they still face challenges in incorporating physical com-
monsense, as they are primarily designed to fit fixed data
distributions. This limitation leads to the generation of
physically unrealistic motions.

Physically Plausible Motion Generation. Generating
physically plausible motion has always been a challenging
task. In 3D scenes, most models [4, 13,27] aim to cre-
ate realistic human motions by combining motion control,
physics-based simulations [25], and reinforcement learning.
In text-to-motion tasks, most models employ transformer-
based architectures to fit mocap data and enhance the phys-
ical plausibility of generated motion using geometric losses,
which often struggle to capture the nuances of realistic
human movement. PhysDiff [43] proposes an approach
to generate physically plausible motion in text-to-motion
tasks by combining diffusion models and physics simu-
lation. Specifically, it iteratively applies a physics-based
motion projection module trained in the Isaac-Gym [25]
physics simulator during the inference stage of the diffusion
model. However, physics-based simulations are computa-
tionally demanding, making them slow, hard to train, and
difficult to integrate into real-time applications like gaming
or VR/AR.

In this paper, we explore the possibility of enabling the
model itself to incorporate physical commonsense to gener-
ate physically plausible motion, rather than using physical
simulation like PhysDiff [43].

Reinforcement Learning in Artificial Intelligence Gen-
erated Content (AIGC). Recently, the significant success
[26,38] of Reinforcement Learning from Human Feedback
(RLHF) in Large Language Model (LLM) fine-tuning has
garnered considerable attention from researchers. It has
inspired researchers to explore the extension of RL appli-
cations to other AIGC-related tasks. Fine-grained RLHF
[38] incorporates multiple reward models associated with
different human feedback types, which can effectively ad-
dress the problems of detoxification and long-form question
answering. ImageReward [40] presents the first general-

purpose text-to-image human preference reward model and
tunes diffusion models regarding human preference scorers.
InstructVideo [42]proposes a method for efficiently fine-
tuning text-to-video diffusion models with human feedback
by treating reward fine-tuning as an editing task and repur-
posing image reward models. DPOK [7] proposes online
reinforcement learning to fine-tune pretrained text-to-image
diffusion models using feedback-trained reward on the de-
noising diffusion stage. DDPO [3] adapts text-to-image dif-
fusion models for directly optimizing diffusion model us-
ing reinforcement learning with downstream objectives. In-
spired by the success of RL in AIGC, we propose a method
that enables direct RL training on motion diffusion model.
Our goal is to facilitate the model’s ability to avoid physical
implausibility by maximizing physical Plausibility rewards.

3. Preliminaries
3.1. Motion Diffusion Model

Motion diffusion model (MDM) [33] designs a encoder-
only transformer network. Unlike other diffusion-based
models, given the noise time-step ¢ and the condition ¢ and
a noised motion ¢;,, MDM outputs the human motion zq
rather than the noise in each diffusion step. This allows
MDM to supervise geometric losses (locations, velocities
and foot contact) at each step of diffusion. In the absence of
omitted geometric losses, the objective function of MDM
can be expressed as:

‘Csimple = EIOND,tN[l,T} [”370 - G(et’ t, C)H%], )]

where GG denotes the encoder-only transformer model. D
denotes the motion data distribution.

Although MDM'’s performance in semantic matching is
less than satisfactory, multiple applications of geometric
losses render MDM still the state-of-the-art model in terms
of physical plausibility. Therefore, to explore the upper lim-
its of the model’s physical performance, we use MDM as
our baseline and conduct reinforcement learning training
based on MDM.

3.2. Reinforcement Learning

The objective of reinforcement learning (RL) is to enable
an agent to learn through interaction with its environment
in order to achieve the maximum cumulative reward for its
policy network 7 in a given task. The objective Lg1, can be
defined as:

LrL = Erop ) [R(T)], (2)

where R denotes the reward function, 7 denotes the trajecto-
ries when agent acts in the Markov decision process (MDP).
In the fields of gaming and robotics, reinforcement learning
can be defined as MDP. When RL is applied to the LLM
(e.g. RLHF [26]) and Motion Diffusion Model, it can be
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simplified to a single step (called as the multi-armed ban-
dit problem [ 18, 24]). Reinforcement learning relies on the
model’s output as likelihood for updates, posing a challenge
when directly conducting RL training on the MDM model.
A well-designed reward to improve physically plausibility
is also crucial for reinforcement learning training in MDM.

4. Method

Our methodology combines motion diffusion model
(MDM) and reinforcement learning (RL) to generate real-
istic human motion based on textual descriptions. This in-
tegration is made possible through reparameterization tech-
niques [19] and the utilization of pretrained MDM for ini-
tializing policy models. The primary focus is to adapt the
model to effectively harness reinforcement learning and the
elaborated reward function design for physical plausibility,
which ensures the generation of physically plausible mo-
tions.

4.1. Adapting MDM with Reparameterization

The characteristic of MDM [33] is that it predicts x( at
each diffusion step rather than noise, facilitating the use of
established locations and velocities losses. MDM is still
the best T2M model in terms of physical performance in
practical use to date. MDM inherently generates data in a
continuous value format that is not immediately compati-
ble with standard reinforcement learning paradigms. This
incompatibility arises because reinforcement learning typi-
cally requires a policy output that represents a probability
distribution of actions, whereas MDM do not naturally pro-
vide their outputs in such a probabilistic format.

Inspired by the the construction of policy networks of
classic RL algorithms [32,37] and reparameterization tech-
niques [ 19], we reparameterize the output of MDM without
requiring any dedicated modifications to the model archi-
tecture. Specifically, we treat the output of the MDM as the
mean of a Gaussian distribution and introduce a predefined
standard deviation. This is represented as:

a = p(zo) +0 v, 3)

where v is an independent noise variable, ;(x() represents
the mean of the Gaussian distribution, derived from the
MDM output g = Gg(€s,t,¢). The term o is a prede-
fined standard deviation, typically sampled from a standard
normal distribution. This approach effectively converts the
MDM output into a policy format compatible with rein-
forcement learning methods. By constructing a Gaussian
distribution in this manner, the model’s output becomes a
set of probable actions, each with a calculable likelihood,
allowing for the application of reinforcement learning tech-
niques to optimize the policy.

Furthermore, an important aspect of our approach is the
initialization of these policy models with pretrained models.
By using models that have already been trained on relevant
motion data, we provide a knowledgeable starting point for
the policy, enhancing the efficiency and effectiveness of the
learning process. This pretrained initialization is particu-
larly beneficial in grounding the stochastic outputs of the
MDM within a realistic and physically plausible space. Fi-
nally, the reparameterized output x is then used as the pol-
icy in the reinforcement learning paradigm. This policy, de-
noted as 7wy (ale, t, ¢, o), represents the probability of tak-
ing action a given the observation (e, t, ¢, o).

4.2. Reinforcement Learning Training

In a vanilla reinforcement learning framework, a policy
model is responsible for both actions sampling and gra-
dient updating itself based on the reward. This paradigm
can lead to instability in training, because it tends to learn
high correlation between action selection and policy gradi-
ent update, reducing exploration and potentially converg-
ing to suboptimal solutions. To mitigate this issue, we
employ policy gradient optimization with importance sam-
pling and start from the pretrained model, inspired by
[16,26]. As shown in Fig. 2, the pretrained policy denoted
as morr (aler, t, ¢, 0), is primarily responsible for sampling
actions based on adapted MDM distribution. It generates
a variety of actions and computes the physically plausi-
ble rewards for these actions. This policy acts as a broad-
spectrum explorer, providing a diverse set of action-reward
pairs. The RL policy and denoted as mgre (ale, t, ¢, 0), is
focused on learning and gradient optimization. It uses the
actions and reward scores sampled by the pretrained policy
to update and refine its own strategy. This is where the prin-
ciple of importance sampling comes into play. The RL pol-
icy weights the updates based on the importance or utility
of the sampled actions, leading to more informed and sta-
ble policy gradient updates. During training, the RL policy
undergoes multiple steps of updates, refining its decision-
making process. These updates are based on the reward
from the diverse set of actions sampled by the pretrained
policy, ensuring a balanced approach between exploration
and exploitation.

4.3. Reward Functions for Physical Plausibility

It goes without saying that the design of a physically
plausible reward function in the context of Motion Diffu-
sion Model (MDM) is crucial for ensuring that the gener-
ated human motion sequences are realistic and adhere to the
laws of physics. To address common issues where the gen-
erated motions might violate physical laws, particularly in
the context of bipedal movements, we focus on identifying
four key non-physical behaviors.

Sliding Steps. This occurs when the model generates mo-
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Figure 2. Overview of our ReinDiffuse training framework. Given the condition c, time step ¢ and noised motion ¢;. Initial MDM output
the z, as the mean of Gaussian distribution and use the fixed o as the standard deviation. We sample a from the distribution to compute
the physically plausible rewards and obtain the motion likelihood g(a) and p(a). Here, g(a) and p(a) refer to myrr (a) and mypr (a) in
formula 8. We perform RL training using the combined loss of Lppo and Limpie With PPO to update tuned MDM.

tions where the feet appear to slide on the surface instead
of showing clear lifting and placing, resembling a slippery
motion. The reward function penalizes motions where foot
movements do not correlate with the expected locomotion,
ensuring that steps are physically grounded and exhibit nat-
ural gait patterns. Thus, given an action a, the i" frame’s
reward function can be expressed as:

RL(a) = exp(—|[(a% — a' ) - f&- f5 ), @)

where al]}t, (fL, f& 1) represents the i*" foot joint locations
and the contact label, respectively.

Floating. Floating happens when the feet are animated as if
they are not making proper contact with the ground, giving
an impression of hovering or floating. The reward system
is designed to detect and penalize instances where the feet
do not maintain realistic contact with the ground, promoting
proper weight bearing and balance in the motion sequences.

Ri.(a) = exp(=||(aj, = hgrouna) - fill2),  (5)

where a! denotes the lowest joint height of i'" frame,
hground denotes the height of ground. The default f§ = 0.
When aj, > hground, fr = 1.

Ground Penetration. This refers to scenarios where parts
of the feet or legs incorrectly intersect with the ground
plane, breaking the illusion of physical solidity. The func-
tion reduces rewards for any motions where there is unnat-
ural intersection or penetration of the feet with the ground

surface, ensuring the integrity of physical interactions. We
denote the reward function as:

R;(a) = exp(=||(hgrouna — a3) - foll2),  (6)

where the default i = 0. When @}, < hground, f& = 1.
Foot Clipping. Foot Clipping occurs when both feet of the
character model intersect with each other in an unnatural
way. The reward function identifies and penalizes scenarios
where the character’s feet intersect or penetrate each other,
maintaining the physical plausibility of body movements
and postures, which is given as:

R.(a) :exp(—H(a?f—af«f)'féHz)a (7N

where a} ¢ and al ¢ represent the left foot and right foot in
it frame, respectively. When the distance between foot less
than a threshold, the f, is equal to 1. otherwise, it is 0.
These reward functions are integrated into the reinforce-
ment learning optimization with the objective of maximiz-
ing cumulative physical credibility rewards in a frame-by-
frame manner. It’s worth noting that the reward function
we designed is essentially a piecewise function, which is
non-differentiable. Therefore, it cannot be used for fine-
tuning in supervised learning. The total reward R'(a) for
the i'" frame is calculated by accumulating the four re-
wards. It jointly evaluates the generated motions based on
these physical criteria and provides feedback that guides the
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Method FID] R-Precision? Skate ratio— Float (m)— Penetrate (m)} Clip (m)|

Real 0002 0797 0.057 0.704 0.000 0.000
T2M[10] 1067 0.740 0217 3368 0.235 0.263
MotionDiffuse [46] 0.630  0.782 0426 2545 0.386 0217
MDM [33] 0544 0611 0.102 1.757 0.048 0014
PhysDiff [43] 0433 0631 - - - -

ReinDiffuse (Ours)  0.385  0.622 0.058 0.711 0.000 0.000

Table 1. Text-to-motion results on HumanML3D [8]. — means
closer to real is better. Bold indicate the best results.

Method FID] R-Precision? Skate ratio— Float (m)— Penetrate (m)| Clip (m)]
Real 0.031 0.779 0.085 0.930 0.000 0.000
T2M [10] 2.770 0.693 0.364 3.782 0.189 0.283
MDM [33] 0.497 0.396 0.109 1.509 0.023 0.094
ReinDiffuse (Ours) 0.326 0.405 0.087 0.938 0.000 0.000

Table 2. Text-to-motion results on and KIT-ML [30]. — means
closer to real is better. Bold indicate the best results.

optimization of the models. In addition, our reward func-
tions are designed to calculate rewards on a frame-by-frame
basis within each generated motion sequence. This pro-
vides a more granular and precise assessment of the physi-
cal plausibility, making it easier to pinpoint and correct non-
physical behaviors quickly.

4.4. Loss Functions and Optimization

In our methodology, we optimize the policy using two
distinct objective functions: one based on Proximal Policy
Optimization algorithm (PPO) [32] Lppo and another in-
herent to the Motion Diffusion Model (MDM) [33] Lg;mpie
that is defined at Eq. 1. The PPO objective function is de-
signed to refine the policy within the reinforcement learning
framework:

[:ppo(e) =E [min(ri(Q)Ri, clip(ri(ﬁ), 1-— Y, 1+ ’}/)Rl)] s

®)
where, 7;(6) %represmm the probability
ratio between the RL policy and the pretrain policy as in-
troduced previously, R; is the reward function at the i*"
frame, and 7y is a hyperparameter for clipping. Finally,
we train the framework using the combined object loss
L = Lppo+ALgimple, Which ensures a comprehensive op-
timization that not only enhances the reinforcement learn-
ing process but also maintains the capability of MDM.

5. Experiments

To evaluate the ability to generate physically plausi-
ble motions, we conduct text-to-motion experiments using
two large-scale datasets: HumanML3D [8] and KIT [30].
In Sections 5.1 and 5.2, we present the datasets, evalua-
tion metrics, and implementation details. In Section 5.3,
we compare our quantitative and qualitative results with
state-of-the-art physically plausible methods (MDM [33],
PhysDiff [43]) to address the following questions: (1) Can

our end-to-end reinforcement learning training enable the
model to capture physical commonsense? (2) Can our ap-
proach surpass PhysDiff (i.e., training an extra motion pro-
jection model in a physical simulation environment) in gen-
erating higher-quality motion? In Section 5.4, we conduct
ablation studies to explore the impact of our method’s hy-
perparameters.

5.1. Datasets and Evaluation Metric

We provide a brief introduction to two well-known
datasets for text-driven motion generation: HumanML3D
[8] and KIT-ML [30]. Our evaluation metrics focus on three
main aspects: physical plausibility, motion quality, and text-
conditioned matching.

Datasets. HumanML3D dataset [8] contains 14,616
human motion sequences and 44,970 text descriptions,
comprising 5,371 distinct words. Each motion is paired
with at least three textual descriptions. The average motion
length is 7.1 seconds, with a minimum duration of 2 seconds
and a maximum of 10 seconds. All motions are rescaled to
20 FPS. KIT-ML dataset [30] contains 3,911 human mo-
tion sequences and 6,278 textual annotations, averaging 9.5
words per description. Each motion corresponds to multiple
text descriptions, ranging from one to four. The dataset has
a total vocabulary size of 1,623 unique words, disregard-
ing capitalization and punctuation. All pose sequences are
downsampled to 12.5 FPS.

Evaluation Metrics. For physical plausibility metrics,
we report the foot skating ratio (Skate ratio), ground floating
(Float), ground penetration (Penetrate), and foot clipping
(Clip). For each of these metrics, we aggregate all physi-
cal issue values within the motion and report the averages
across all samples, excluding foot skate ratios. Following
GMD [17], the foot skating ratio quantifies the percentage
of frames in which either foot skids more than a specified
distance (2.5 cm) while maintaining contact with the ground
(foot height < 5 cm). Ground floating measures the distance
between the ground and the lowest joint positions above the
ground (> 5 cm). Ground penetration measures the distance
between the ground and the lowest joint positions below the
ground (< 0 cm). Foot clipping measures the distance be-
tween the left and right feet when it is less than a certain
distance threshold (5 cm). For motion quality, we adopt the
Fréchet Inception Distance (FID) [14], which calculates the
distribution distance between the generated and real motion
under motion features. For text-conditioned matching, we
adopt the R Precision Top 3 metric that calculates the text
and motion embedding [8] Top 3 matching accuracy based
on Euclidean distances.

5.2. Implementation Details

We implement our method based on MDM [33] using
Pytorch and train it on a single NVIDIA A40 GPU. Proxi-
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mal policy optimization (PPO) [32] is used to train the RL
policy. For the hyperparameters of our RL training, we con-
duct a meticulous grid search on the test set to determine the
most optimal values. The A is set to 0.4, the PPO clipping
coefficient 7 is set to 0.2, the o is set to 0.15, and the learn-
ing rate is le-7, while retaining the default hyperparameters
in AdamW. We fine-tune the MDM using our method for
50K steps. At the end of each iteration, we update the policy
by iterating over the samples for 4 inner epochs with a batch
size of 32. The other settings remain the same as in MDM.
In the inference stage, we directly use the model’s output
o to remove the fixed standard deviation and achieve bet-
ter motion generation performance.

5.3. Comparison to State-of-the-art Approaches

In this section, we present qualitative and quantitative
comparison results on the HumanML3D [&] and KIT-ML
[30] test sets, comparing our method to existing state-
of-the-art approaches [33, 43]. It is worth noting that
MDM currently has the best physical performance for text-
conditioned motion generation models, thanks to the multi-
ple applications of geometric loss during the diffusion pro-
cess. To explore the upper limit of physically plausible gen-
eration, we conducted fine-tuning experiments on physics
rewards using MDM as the baseline. Furthermore, PhysDiff
is a physically reliable motion generation method based on
MDM. Due to the unavailability of PhysDiff’s source code,
our comparison was limited to the FID metric using our four
physical metrics. We reproduce the quantitative comparison
results compared our method to PhysDiff using PhysDiff’s
physical metrics calculation in the supplementary material.

Quantitative Comparison. In Table 1 and Table 2,
we present the quantitative comparison results for the Hu-
manML3D [8] and KIT-ML [30] test sets. On both datasets,
our model exhibits physical plausibility close to real perfor-
mance across Skate ratio, Float, Penetrate, and Clip met-
rics. This indicates that our RL fine-tuning approach, which
aims to maximize physical law rewards, effectively enables
MDM to incorporate physical commonsense. From the per-
spectives of FID and R-Precision metrics, our approach sig-
nificantly improves the FID metrics by 29% and 34% over
MDM without compromising the semantic matching capa-
bility on HumanML3D and KIT-ML, respectively. In fact,
there is even a slight improvement in R-Precision. These
findings demonstrate the compatibility of our method, im-
proving motion quality without compromising other model
capabilities. Furthermore, it indicates the robustness of our
method across datasets of varying sizes.

While a direct comparison of physical metrics with Phys-
Diff is not feasible, our superior motion quality is reflected
in the FID scores. PhysDiff requires applying 50 steps of
motion projection during the inference stage of MDM, re-
sulting in a 2-3 times slower motion generation compared

Method ~ FID] R-Precisiont Skate ratio— Float (m)— Penetrate (m)] Clip (m)—

o=0.1 10392 0.621 0.059 0.726 0.000 0.000
o =0.15 0.385 0.622 0.058 0.711 0.000 0.000
o=0.2 0395 0.612 0.061 0.740 0.006 0.002
o=0.25 0412 0.624 0.065 0.782 0.016 0.003
oc=0.3 0454 0.616 0.071 0.835 0.021 0.005

Table 3. Effect of varying standard deviation ¢ in RL fine-tuning
on HumanML3D [8].

to MDM. In contrast, our end-to-end RL training approach,
which removes the standard deviation of o during inference
and directly utilizes model outputs, ensures that our method
does not decrease MDM’s inference speed.

Qualitative Comparison. In Fig. 3, we present
qualitative results compared to MDM [33] on the Hu-
manML3D [8] and KIT-ML [30] test sets. Visual com-
parisons clearly illustrate a substantial improvement in the
physical plausibility of MDM following RL fine-tuning
with the objective of maximizing physical law rewards. In
the first row, the input prompt is “A person crawls forwards
on the floor.” Although the generated motion is semantically
correct, we observe a significant issue of floating in the ini-
tial crawling action. In the second row, the input prompt is
“A man is walking forward, favoring his left leg and shifting
his walk. He is possibly drunk.” We can see that the motion
generated by MDM correctly reflects the textual descrip-
tion “favoring his left leg,” and most of the actions have
fewer physical issues. However, there are still noticeable
floating problems at the beginning and end. In comparison
to MDM’s results, our approach generates motion for these
two prompts that is both semantically correct and physically
plausible, eliminating the issue of floating. In the third row,
we present prompts, namely, “A person is sitting while talk-
ing with gestures.” and “The person swings a golf club.”
along with motions generated by our method and MDM. By
observing the distance of foot movement from the initial to
the final frame, it is evident that MDM exhibits significant
sliding issues. In contrast, the motion generated by our ap-
proach does not exhibit foot sliding problems.

5.4. Ablation Studies

In this section, we conduct ablation studies to explore
the effect of varying standard deviation o and the effect
of importance sampling technique (see the supplementary
material for details) in RL training for MDM on the Hu-
manML3D [8] dataset.

The Effect of Varying Standard Deviation o. By rep-
resenting the output of MDM as the mean of a Gaussian dis-
tribution and employing a fixed standard deviation, we can
obtain motion likelihood for reinforcement learning training
using PPO. The use of a fixed variance aims to simplify the
training process while striking a balance in the exploration
of RL. The significance of the variance value in RL training
is crucial for incorporating physical commonsense. There-
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Figure 3. Visual results of ReinDiffuse against the MDM. The darker colors indicate the later frame in time.

fore, we conducted ablation experiments on sigma, ranging
from 0.1 to 0.3, as shown in Table 3. It can be observed
that ReinDiffuse achieves the best FID performance when
o is set to 0.15. Consequently, we adopt o = 0.15 as the
default value for our RL training. Interestingly, the phys-
ical performance does not exhibit a consistent increase or
decrease with the variation of sigma. In fact, when we have
very large sigma values (approaching 1), the model fails to
converge. This indicates that sigma plays a crucial role in
the updates for RL.

6. Conclusion

In this paper, we propose ReinDiffuse to enable direct
reinforcement learning (RL) training of Motion Diffusion
Model (MDM) without modifying the network structure.
To address the issue of generating physically implausible
motion, we employ frame-wise physical rewards for RL
fine-tuning of MDM. The results demonstrate outstanding
capabilities in generating physically plausible motion. Ex-
tensive qualitative and quantitative experiments validate the
effectiveness and robustness of our method. Limitations:

Our limitations lie in the requirement to formulate a suit-
able physical plausibility reward function for each physical
problem, which may result in a considerable workload for
reward design when confronted with a multitude of physical
problems. Additionally, our physical rewards are calculated
based on joint locations, and some fine-grained physical is-
sues may only arise when rendered as a mesh formats (e.g.,
interpenetration between hand and body). Rendering mesh
data during training is extremely time-consuming. Due to
computational resource constraints, we are unable to calcu-
late physical plausibility rewards based on mesh data. Fu-
ture Works: We have only explored using physical rewards
to enhance the model’s physical performance. Training with
semantically related rewards holds great promise.
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