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Figure 1. POMP generates physically plausible motions in real time, including locomotion patterns across various terrains and general
acyclic behaviors such as collision responses, target tracking, and martial arts.

Abstract

Numerous researches on real-time motion generation pri-
marily focus on kinematic aspects, often resulting in phys-
ically implausible outcomes. In this paper, we present
POMP (“Physics-cOnstrainable Motion Generative Model
through Phase Manifolds” ), a kinematics-based framework
that synthesizes physically realistic motions by leveraging
phase manifolds to align motion priors with physics con-
straints. POMP operates as a frame-by-frame autoregres-
sive model with three core components: a diffusion-based
kinematic module, a simulation-based dynamic module, and
a phase encoding module. At each timestep, the kinematic
module first generates an initial pose, which is subsequently
revised by the dynamic module through a simulation step to
incorporate physical constraints. While individual simula-
tion steps induce negligible kinematic distortion, accumu-
lated discrepancies can drive the result beyond the motion
prior learned by the kinematic module, leading to failure in
subsequent motion generation. To address this, the phase
encoding module applies semantic alignment in the phase

Ye Pan is corresponding author.

manifold, projecting the simulated result back to the motion
prior. Moreover, we present a pipeline in Unity for generat-
ing terrain maps and capturing full-body motion impulses
from existing motion capture dataset. The collected terrain
topology and motion impulse data facilitate the training of
POMP, enabling it to robustly respond to underlying contact
forces and applied dynamics. Extensive evaluations demon-
strate the efficacy of POMP across various tasks.

1. Introduction

The generation of diverse and realistic virtual humans has
drawn widespread interest in the field of computer anima-
tion [62, 63, 66—69]. Existing researches mainly focus on
two major challenges: (1) improving the generalization of
learned models over large-scale datasets, (2) creating real-
istic human-environment interactions.

To produce a wide range of motion content and styles in
large datasets, kinematics-based methods are typically fa-
vored. This preference stems from the fact that existing
motion datasets primarily capture humanoid poses, allow-
ing kinematics-based approaches to study humanoid motion
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without considering underlying forces (e.g., gravity, con-
tact force, joint torque). Moreover, recent advancements
in generative models like Variational Autoencoders, Nor-
malizing Flows, and Diffusion Models [4, 15, 20, 21, 29,
51, 64, 73, 81] have been easily integrated into kinematic
models, greatly enriching their learned motion priors. How-
ever, as interactive environments grow more complex, kine-
matic motion priors often result in physically implausible
artifacts like foot sliding, floating and penetration. To over-
come these limitations, a promising paradigm incorporates
physics principles into the learning process of motion pri-
ors. This kind of methods either rely on physics engines
and train skill-specific controllers using deep reinforcement
learning [33, 34], or design gradient-based optimization
frameworks [50, 53] that refine kinematics-based estimates
by aligning them with some physics principles. Nonethe-
less, these approaches often involve significant modeling
and computational complexity, making them difficult to
train and apply in practice. Recently, Jiang et al. [22] in-
troduce DROP, a plug-in optimization-based simulator that
adds dynamics capability to a pre-trained kinematic gen-
erative model. While this framework significantly reduces
computational complexity by reusing a pre-trained kine-
matic model, it often generates unrealistic results due to
the domain gap: the minimalist physics simulator’s at-
tempts to enforce physical plausibility on kinematic poses
inadvertently compromise kinematic coherence. This inher-
ent trade-off manifests in motions that, while theoretically
achievable, deviate significantly from natural human move-
ment patterns. To address the domain gap issue, in this
paper, we aim to align both kinematic and simulated poses
semantically in the phase manifold and generate physically
and kinematically plausible motions in complex tasks.

We present POMP, an autoregressive architecture that
enforces physical plausibility in real-time motion gener-
ation through decoupled kinematic-dynamic integration.
POMP operates cyclically through three computational
stages: (1) a kinematics module generates a target pose via
the learned motion prior; (2) a dynamic module enforces
dynamic constraints and produces a simulated pose; (3) a
phase encoding module project the simulation pose back
to the motion prior and achieve its phase positional encod-
ing. These processed state vectors recursively informs sub-
sequent pose generation. Notably, POMP requires training
only for the kinematic generator and the phase encoding
module, while the physical simulator functions as a fixed,
non-differentiable component. This design offers three key
advantages: first, it reduces computational complexity by
keeping the resource-intensive dynamic module outside the
gradient-based training loop. Second, it addresses the do-
main gap by conducting semantic alignment in the phase
manifold. Third, it allows for broader applications, enabling
quasi-physical effects without simulator-specific expertise.

The structure of each module is outlined as follows. To
exploit the inherent periodic and semantic features of mo-
tion, we introduce a phase-guided diffusion model as the
kinematic module. Drawing on Mixture of Expert (MoE)
architectures used in PFNN [17], MANN [87] and NSM
[56], our model employs an Ortho-MoE-based encoder to
map motions into a non-linear phase embedding space. In
this space, motion feature subdomains are assigned to indi-
vidual expert branches for specialized learning. The Ortho-
MoE module ensures these expert branches learn high-
level semantic features in a disentangled and compact way
through unsupervised orthogonality enforcement. The lin-
ear combination of these bases can represent various mo-
tion patterns, which subsequently guide the diffusion-based
decoder to generate high-quality target poses in just five in-
ference steps. For the plug-in dynamic module, we opt to
use Nvidia PhysX in Unity over alternatives like Mujoco
[74] or IsaacGym [39]. This choice is motivated by several
advantages: (1). Unity allows a semi-automatic method to
match the terrain for MoCap data; (2). PhysX in Unity en-
ables impulse collection of full-body contact force between
the character and the environment, which can be fed back to
the kinematic module for learning active response to various
physical perturbations; (3). Unity is compatible with games
and VR/AR applications seeking quasi-physical effects. To
mitigate the domain gap, We introduce aligned-PAE, in-
spired by the concept of periodic autoencoders (PAE) [59],
as the phase encoding module. While PAE learns phase
manifolds across different motion domains, our approach
extends this by establishing correspondence between kine-
matic and simulated poses within identical motion content.
Specifically, aligned-PAE first constructs a unified mani-
fold utilizing only MoCap data and then relocates simulated
poses within the same phase ellipse, but with different phase
positional encodings.

In summary, our contributions are as follows:

* We introduce POMP, a novel kinematic-based generative
model capable of performing active and passive responses
to physical disturbances in real time.

* We are the first to tackle the domain gap between kine-
matic motion priors and simulated poses with a phase-
based semantic alignment method.

» we develop a pipeline for terrain reconstruction and full-
body motion impulses extraction from MoCap datasets.

2. Related Work

2.1. Kinematic-based motion generation

Creating realistic motions for virtual characters is a fun-
damental challenge in the computer animation. Advance-
ments in human motion synthesis are accompanied by the
development of various types of MoCap datasets, which
are crucial for numerous motion-related tasks, such as
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single-player motion reconstruction [23, 38, 49], human-
human interaction [13, 24, 28, 83], human-object interac-
tion [6, 25, 37, 60, 61, 80] and human-scene interaction
[14, 18, 76, 90]. To efficiently learn human motion pri-
ors from these large-scale MoCap datasets, recent advance-
ments in character animation primarily focus on deep neu-
ral networks. These approaches can be categorized into de-
terministic models and probabilistic models. Determinis-
tic methods yield a single result for a given input, while
probabilistic generative models attempt to describe the dis-
tribution of possible outcomes. For deterministic models,
the seminal work of PENN [17] synchronizes locomotion
with the timeline using phase-related features, achieving
high-quality and real-time motion reconstruction. Follow-
ing this, the concept of phase has been applied to more
intricate tasks like human-scene interactions [56], human-
human interactions [57, 58, 65] and motion-in-betweening
[55, 70]. However, deterministic predictions of diverse mo-
tion patterns often regress to the mean pose. Lately, prob-
abilistic generative models such as Generative Adversarial
Networks (GAN) [16, 26], Variational Autoencoders (VAE)
[45, 51, 89] and Normalizing Flows [15, 20] have attracted
substantial interest within the realm of motion generation
to prevent regressing towards a sub-optimal pose. Further-
more, recent advancement in Diffusion Models has signif-
icantly advanced the development of motion-related down-
stream tasks such as text2Motion [4, 10-12, 32, 46, 47],
music2Dance [1, 75] and gesture style control [2, 8, 9, 91].
However, as interactive environments become more com-
plex, these kinematic motion priors are prone to artifacts
like foot sliding, floating and penetration. To address these
limitations, our method post-processes the kinematic re-
sult with a plug-in physical simulator that is separate from
the training pipeline, ensuring no additional computational
complexity.

2.2. Physics-based Motion Simulation

To enhance motion realism, the physics-based paradigm in-
corporates underlying forces (e.g., gravity, contact force,
joint torque) to yield dynamics responses to changes in
the human-environment interactions. Deep reinforcement
learning has proven effective to simulate a range of mo-
tions such as general locomotion [5, 36, 42-44], sports
[30, 31, 77, 88], juggling [7, 84] and human-environment
interactions [52, 72, 78, 82]. These methods design com-
posite controllers or hierarchical models to manage tran-
sitions between a limited number of skills. To extend the
adaptability of trained controllers to larger datasets with
more motions, some approaches integrate generative mod-
els into their policy designs, such as Variational Autoen-
coders [29, 79, 86] and Generative Adversarial Networks
(GANYS) [43, 44, 85]. However, their performance improve-
ment comes at the cost of increasing modeling and com-

putational complexity. To reduce this complexity, Jiang et
al. [22] reuse an off-the-shelf generative model to predict a
kinematic pose, then refine it using a plug-in motion simu-
lator based on projective dynamics. However, this approach
often yields unrealistic results due to the domain gap be-
tween kinematic motion priors and simulated poses. In con-
trast, we introduce a phase encoding module that performs
semantic alignment, bridging the gap and producing results
that are both physically and kinematically plausible.

3. Methodology

POMP operates through a cyclical process, as shown
in Fig. 2 (a). The process initiates in the kinematic mod-
ule, which generates the target pose @; based on the current
motion variables x;. The target pose is then processed by
the dynamic module, where a proportional-derivative (PD)
controller calculates the joint force vector 7;. Utilizing 7;,
a plug-in physics engine performs forward dynamics, yield-
ing both the physically plausible pose g; and associated
full-body contact impulses j;4+1. The final component, the
phase encoding module, extracts the phase variable p; cor-
responding to the simulated pose gq;. This phase variable,
together with the updated motion variables x;41, is then
used as input for the kinematic module in the subsequent
iteration of the process.

3.1. Preliminary

Physics-based Character Modeling. We utilize an artic-
ulated rigid-body system for collision detection and force
sensing. This system comprises 15 box or capsule limb
colliders in Unity to handle environmental collisions. Our
setup uses fewer collision bodies than actual limbs, demon-
strating that this approach is versatile and can be adapted to
characters with more complex joint structures. To reduce
the computational demands in collision detection and dy-
namic parameter calculations, limb colliders are simple ge-
ometric shapes with low polygon counts, such as boxes and
capsules. The model size is based on the CMU database,
while its mass is derived from the volume of these collid-
ers using average human body density [48]. To enhance
realism, we implement joint limits to make the articulated
body’s movements more human-like.

Rigid Body Dynamics. To integrate laws of physics into
our character, the dynamic module of POMP performs two
specific types of calculations: inverse dynamics operated by
the motion controller to compute the forces applied to the
rigid-body system, and forward dynamics operated by the
physics simulator to determine the acceleration response of
our character to these applied forces in the environment.
We utilize a PD-servo as our motion controller. At each
timestamp, vectors of position, velocity and acceleration are
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Figure 2. (a) The overview of POMP. POMP consists of three components. (1). a kinematic module to generate a target pose based on
the previous simulation result; (2). a dynamic module that performs inverse and forward dynamics to mimic the target pose and produce
the current simulated pose; (3). a phase encoding module that produces a phase encoding to guide the generation of the next target pose.
(b) Aligned-PAE. We first learn a shared phase manifold using only the MoCap dataset, then align motion priors and simulation results of
the same motion type to different timings within the same phase ellipse.

denoted as q, q and g € R", respectively. Given a target
pose g generated by the kinematic module, the internal joint
force vector T € R™ is calculated as:

kqoq, (D

where k, and kg are gain parameters of PD controllers
and “o” denotes Hadamard matrix product. The computed
torque 7 drives the plug-in physics simulator’s forward dy-
namics to obtain the acceleration vector §. ¢ is then used to
update the q, q and produces the simulated result.

T =kyo(d—a)-

Motion Representation. Motion variables x; for frame 7
consist of four parts: character state, environmental infor-
mation, phase variables and trajectory location. The char-
acter state is defined by positions q; € R*V7 and velocities
G; €R3N7 for N; body joints, root transformation d; € R?
(covering root velocity on the x-z plane and angular ve-
locity around the y-axis rotation) and one-hot gait vectors

€ R3 indicating the character’s gait type (e.g., stand-
ing, walking, jogging, crouching, jumping, bumping, lying,
getting up). Here, L =12 represents a time window length
centered at frame ¢, sampling past and future motion states
every 10 frames. Environmental information comprises sur-
rounding terrain heights h; € R3L and full-body contact
impulses j; € R3V5 | where N is the number of limb col-
liders. Phase variables serve as both input and output for the
kinematic module. Input phase variables p; € R2*¢x(L+1)
contain phase encoding derived from C' = 5 phase latent
channels over the entire time window. The kinematic mod-
ule, however, only predicts output phase variables for the
future half of the time window p; € R5*XCx(0-5L+1) op-
sisting of phase encoding to locate motion in the phase man-

ifold and phase parameters to parameterize latent curves. p;
and p; are extracted through aligned-PAE, with details pro-
vided in the following sections. Similarly, trajectory posi-
tions t¥ € R? and directions t¢ € R*" represent the user-
controlled trajectory of the entire time window projected
onto the 2D x-z plane, while the predicted trajectory vari-
ables ff €R” and t~;-i €RE cover only the future half.

3.2. Kinematic Module

The kinematic module, illustrated in Fig. 2 (a), uti-
lizes an encoder to encode motion variables x; =
{pi—la di—1,qi—1, gi, tfa t;'i’ hi, .71,} e R*! into the
phase domain. This transformation enhances movement
synchronization over time [56, 57]. Specifically, the en-
coder comprises two core modules: a gating network E,
and a 3-layer Ortho-MoE network E,,,. E, takes phase vari-
ables p,_; from z; as input to calculate phase blending co-
efficients {a }_, € R®, which enable the allocation of fea-
ture subdomains to specialized expert branches within E,,.
E,,, comprises eight MLP-based branches, with each k-th
branch functioning as an expert that learns the motion prin-
ciple component wj, € R'924 within its corresponding sub-
domain. The final phase motion embedding of w € R0%4 is
computed as w = Zizl QL W, representing a linear com-
bination of principle components across eight phase chan-
nels. To address the challenge inherent in learning compact
and disentangled motion representations across diverse ter-
rain, we implement orthogonality constraints between prin-
ciple component pairs, defined as (w;, w;) = 0 for ¢ # j,
where (-,-) signifies the dot product. This orthogonality
constraint ensures optimal encoding of non-linear motion
periodicity variations through eight phase channels, yield-
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ing a phase motion embedding that effectively preserves es-
sential motion characteristics.

Subsequently, we implement a diffusion model for gen-
erating output variables y; = {D;, &i, i, d;, t? 10 t~;-1 +1} €
R388. In contrast to previous approaches, POMP executes
the diffusion process within the phase domain, conditioned
on the motion phase embedding w. The motion decoder
operation can be formally expressed as:

z0 = D(w, zy), (2

where zy ~ N(0,I) represents Gaussian noise, zg =
{21 }5_, € R®*388 ig the set of motion codes, y; is a linear
combination of these codes, denoted as y; = Zizl O 2.

The diffusion model begins with a forward process
q(z1:n20) to introduce noise into the motion code distri-
bution ¢(zg), followed by a reverse process for distribution
recovery learning. While the forward process involves N
steps, recent advancements through DDIM [54] have accel-
erated the reverse process to within dim(7) steps:

Ax(Zr,_y|27,) = A (21,4 |27, 20 = fio(27,,, Tn))
=N (zr, | =t (z - («/éﬂl -t fp - AZH> €0, Aan) ,
(3)

1 —
ﬂe(vanTﬂ) = \/?(ZTn - \//BTHGQ(ZT",TH)), (€]

where «,, and f3, are scalars with o, = 1 — 3, @, =
[1;; and B, = 1—a,. I is the identity matrix,
A= (A1, ,An) € RY, represents a set of unspecified
non-negative coefficients. 7= [11, 7o, ..., Tdim(r)] 18 @ sub-
sequence of [1,..., N] with length dim(7), €9(2r,, ) is
a neural network with learnable parameters 6 that predicts
noise from z,, and step index 7,,. While limited iteration
steps in the reverse process can greatly improve computa-
tional efficiency, it often compromises motion quality. To
speed up the reverse process without sacrificing quality,
we draw inspiration from Analytic-DPM [3] by replacing
the covariance term /\EHI in Eq. (3) with an analytic es-

timate (A2 + (/@ _1 —\/@r, kr,)?57 )L, where k., =

B A2, . .
4+ 52 can be estimated using the Monte Carlo

— s YT,

Brr,

method: 62 = 2= (1= JE. <o, [lel|?]), and d is
the dimension of z, . To take w into account, the reverse
step qx(Z5_1|ZS) becomes conditional, gx(Z5_1|ZS, w).
Therefore, we utilize a neural network to predict the noise
conditioned on w, expressed as: €p(zr,,Tn,w). To en-
sure compatibility with ONNX format, €g(z, , 7, w) in-
corporates simple operations, such as Multi-Layer Percep-
tron (MLP), 1D convolution (Convld), Layer Normaliza-
tion (LN) and Sigmoid Linear Unit (SiLU).

The kinematic module is trained using the reconstruction
loss between the ground truth and predicted output vector:

Ek = Emse(gh yz) (5)

3.3. Dynamic Module

The kinematic module demonstrates robust performance in
maintaining both semantic and temporal coherence of gen-
erated motions. To address physical disturbances, we im-
plement a dynamic module that integrates both inverse and
forward dynamics to transform y; into a physically plausi-
ble pose. The module’s pipeline initiates with a PD con-
troller that processes three inputs: the target pose g;, pre-
vious pose g;_; and velocity g,_;, to compute the internal
joint force vector 7; € R3N7 as defined in Eq. (1). Sub-
sequently, a plug-in physics simulator computes external
force interactions and executes forward dynamics to deter-
mine the character’s acceleration. The calculated acceler-
ation updates the previous motion state {g;—1,¢g;—1} and
achieves the final simulated result {¢;, g, }.

Furthermore, our dynamic module enhances existing
Motion Capture (MoCap) data through a two-phase process:
terrain reconstruction based on MoCap data, followed by
contact force acquisition and pose simulation through the
physics simulator. The terrain reconstruction process be-
gins by implementing the terrain fitting approach proposed
by Holden et al. [17] to compute the trajectory height h;
surrounding the pose i per frame. We then initialize a
zero-valued height map, and use h; of the moving trajec-
tory to gradually “scan” and update the height map, culmi-
nating in a comprehensive terrain data. After terrain gener-
ation, we import MoCap data into the Unity scene, where
the physics simulator performs two functions: (1) collect-
ing ground truth contact impulses 7; and (2) generating
ground truth simulated poses §;. ; are then used to train
the kinematic module to adaptively respond to physical dis-
turbances, while §; are used to train the following phase
encoding module. To the best of our knowledge, we are the
first to utilize simulator in Unity to accomplish the entire
process of terrain matching, dynamic feature acquisition,
and achieve real-time physics-like effects.

3.4. Phase Encoding Module

The dynamic module of POMP generates a physically plau-
sible pose g;. However, this pose may fall outside the kine-
matic motion prior, creating a domain gap that potentially
disrupts motion continuity in the generation of the next tar-
get pose g;1 from g;. Given POMP’s frame-by-frame au-
toregressive architecture, this error could accumulate, po-
tentially leading to motion generation failure. To address
the domain gap, we propose to semantically align kinematic
and dynamic poses within a shared phase manifold. In-
spired by dance performances, where musical accompani-
ment ensures temporal synchronization among dancers, we
view the phase manifold as a “music repository”, with indi-
vidual phase ellipses representing distinct “songs” and the
phase encoding serving as the “rhythm” within each “song”.

Our initial step involves modeling a 1D manifold with
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five channels. We train the phase manifold using only Mo-
Cap data to effectively capture the continuous and cyclical
nature of various motions. As is shown in Fig. 2 (b), given

a ground truth kinematic velocity sequence Q; € RT*3Ny

centered at 61 the periodic encoder first utilizes a 1D con-
volutional layer £, to encode the sequence into a lower-

dimensional embedding, denoted as L; = EP(QZ-) eRT*5,
where the time window 7', = 121. This embedding is
defined by four parameters: amplitude a; € R®, frequency
fi € RS, offset b; € R5, and phase shift §; € R°. Follow-
ing the work of PAE [59], we apply a differentiable real Fast
Fourier Transform (FFT) layer to extract {a;, fi, l~)z} while
using an MLP to predict 8; alone. The embedding is then
parameterized as L = a;- sin(2m - (fi - T — 8;)) + b;.
This reconstructed embedding is subsequently mapped back
to the input velocity curves using a 1D deconvolution layer

D,, resulting in Q; = D,(L;). The Network is trained un-
supervised using:

ﬁél) == Lmsc(Qia Qz) (6)
After training, phase encoding pe; € R'? is computed by
pe;* =a; (M . cos(2m5;) and pe; Pt =a; (M -sin (27
si(t)), where t is the channel index.

Then we introduce a novel training strategy to bridge
the domain gap between ¢; and g; by: (1). identifying
the appropriate “song” (phase ellipse) for ¢;’s motion type
from the pre-established “music repository” (phase mani-
fold); (2). aligning q; to the appropriate “rhythm” (phase
encoding) within this phase ellipse. The intuition is that
even if the simulated result diverges from the kinematic mo-
tion prior, it retains the same motion type as the target pose,
albeit with different timing. Within the phase manifold, a
encodes different motion types, where motions of the same
type theoretically map to the phase ellipse corresponding to
the same a. Unlike VQ-PAE [27], which learns a discrete
amplitude space using vector quantization, our proposed
aligned-PAE learns a continuous amplitude space, ensuring
smooth transitions between motion types. Additionally, f
represents movement frequency, b denotes range of motion,
and s indicates timing within the ellipse. The implemen-

tation is as follows: @Q; € R7*3N; is first fed into a pre-
trained periodic encoder to generate the amplitude parame-
ter af. Next, the ground truth simulated velocity sequence

Qi € RT>3N; centered at ¢; is input into aligned-PAE to
train both the periodic encoder and decoder as described in
the initial step. Unlike the initial step, this training pro-
cess also aligns the kinematic and simulated poses within
the same ellipse. Therefore, the loss function employed in
this stage can be expressed as follows:

ﬂ;(DQ) = ‘Cmse(Qi7 Ql) + Emse("’f’ af) 7

where a; is the amplitude of Q;. During inference,
P;_contains two components: pe € R**Cx(0-5L+1) gpg
{f,a,b} c R3*Cx(0-5L+1) These components allow us to
reconstruct L; and compute Ql as Ql = Dp(f/i). Since sim-
ulated poses for future frames are unavailable, Q7 is con-
structed with three parts: simulated poses {¢;—g0, .-, ¢ }
artificial simulated poses {q;_ 1, ..., ¢{, o0} and target poses
{(}th ey §i+60}. Artificial simulated poses are derived
using the residual acceleration Aa = (¢; — ¢;)/At. Aa
is introduced by the simulator to correct artifacts like foot
sliding and penetration. Given that human response latency
is about 0.3s, we apply Aa only to the following 20 frames.

4. Experiments

4.1. Datasets and Implementation Details

POMP is evaluated over three datasets that vary in terms of

size and motion diversity:

1. human-terrain interaction dataset is based on the
terrain-fitting dataset [17], containing over 4 million
frames representing diverse motion types across various
terrains. We further expand the dataset by incorporating
terrain height maps and motion impulses and sampling
about 90,000 additional frames of more motion types
such as falling, getting up and rebalancing.

2. 100STYLE comprises over 4 million frames of stylized
locomotion data, encompassing 100 distinct styles [41].

3. AMASS is a large-scale motion capture database. We
follow the same filtering process as PHC [34] to obtain
a filter dataset with about 4 million frames.

We implement POMP using Pytorch, setting N; = 31,

Np = 15. The forward diffusion process consists of N =

1000 steps, with the non-negative coefficient computed as

Ap =2 2=1f3,. The reverse process involves dim(r) = 5
iterative ';teps. We first train the phase encoding module
and then freeze its weights and jointly train the kinematic
module. For training, we use the AdamWR optimizer with
cosine annealing warm-restart scheduling, setting the itera-
tions to 10 and the restart factor to 2.0. Both the learning
rate and weight decay are initialized to 10~*, with a batch
size set of 1024 and a dropout rate of 0.3. Training and
testing are conducted on an RTX 3090 graphics card.

4.2. Physical Responses Across Different Motions

In Fig. 1, we illustrate POMP’s ability to generate physi-
cally realistic motions across various tasks. More details
are available in the supplementary video.

Bump Reactions. POMP can react to collisions of vary-
ing intensities. For minor impacts that don’t affect the cen-
ter of mass (CoM), affected limbs gradually recover their
original motion patterns under the influence of the initial
7;. As collision forces increase to displace the CoM, and
compromise balance, POMP actively adjusts 7; to restore
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Models FMD | Foot Skating | Runtime | #Params | #Styles 1
PENN 10.25 0.03 7.55 2.39M *
POMP-MoE 1.42 0.08 42.42 22.45M *
Ours(human-terrain) 0.92 0.01 42.42 22.45M *
Mason et al. 6.98 0.27 16.31 4.32M 58
StyleERD 2.31 0.57 22.85 0.48M 7
RTSM 3.15 0.20 8.30 18.42M 100
Motion Puzzle 9.44 0.41 95.20 37.16M 100
Ours(100STYLE) 1.02 0.06 51.31 55.46M 100

Table 1. Quantitative comparisons with baselines and SOTA kine-
matic real-time methods.

() w/o dynamic module (b) w/o PEM (c) POMP
Figure 3. Qualitative evaluation of DM/PEM components. (a)
pose penetration artifacts without DM; (b) motion generation fail-

ures due to domain gap without PEM; (c) successful obstacle
crossing through phase manifold alignment.

stability. In case of an overwhelming force that knocks
the character down, POMP temporarily loses control. Once
grounded, POMP will control the character to get back up.

Target Tracking. POMP effectively mitigates the effect
of 7; on the target joint and proportionally reduce its influ-
ence on the related limbs. Then, an external force f is ap-
plied to the target end effector (e.g., left/right hand) to pull it
toward the position constraint. This approach ensures that f
influences the relevant limbs while maintaining the overall
motion continuity under the control of 7;.

Complex human-scene interactions. As shown
in Fig. 1, POMP not only enables the synthesis of phys-
ically realistic locomotion across diverse terrains but also
supports the generation of acyclic behaviors, such as mar-
tial arts sequences.

4.3. Ablation Study

We evaluate POMP’s core components: ortho-MoE, dy-
namic module (DM), phase encoding module (PEM) and
Aligned-PAE. Two types of metrics are used: (1). motion
quality, assessed by Fréchet Motion Distance (FMD) [70]
for distribution similarity, foot skating [87] and penetration
[50] metrics for physical artifacts; (2). model complexity,
assessed by the number of model parameters and runtime.
Ortho-MOoE. To evaluate the capacity of Ortho-MoE in
learning motion representations, we conduct experiments
using the standard MoE, denoted as POMP-MOoE. The eval-
uation is performed on the human-terrain dataset, which en-
compasses diverse aperiodic motions. As shown in Tab. 1,
the results indicate that integrating Ortho-MoE into POMP
enhances motion quality without introducing additional
computational cost or increased model parameters.
Dynamic Module. Fig. 3 (a) highlights the critical role

PFNN POMP-wo-DM POMP
14.4% 12.7% 0%

Penetration

Table 2. Quantitative evaluation on DM component.

target

Velocity

o 25 50 75 100 125 150 175 200
Time(frame)

Figure 4. Evaluation on PEM. The kinematic module generate
the target pose for the dynamic module to follow. The upper plot
demonstrates velocity adaptation under PEM-guided kinematic-
dynamic alignment, while the lower plot exhibits unconstrained
velocity drift in the absence of PEM constraints.

of the dynamic module in our framework. The comparative
analysis reveals that omitting the dynamic module leads to
generated poses with pronounced interpenetration artifacts.
To quantify this, we evaluate foot penetrations on complex
terrains, as detailed in Tab. 2. The results indicate that
POMP-wo-DM offers little advantage over SOTA method.
In contrast, POMP effectively prevents penetrations by em-
ploying a physics simulator in the dynamic module.

PEM. Fig. 3 (b)-(c) illustrate PEM’s role during mo-
tion mode transitions. In this experiment, a terrain obsta-
cle introduced at 40th frame triggers a walking-to-traversal
transition. We further quantify PEM’s efficacy in this test
through velocity trajectory alignment between simulated
and target poses. As shown in Fig. 4, PEM enables pro-
jection of the previous frame’s simulation results into the
motion prior manifold, allowing the kinematic module to
adaptively refine target poses and maintain velocity trajec-
tory alignment during motion transitions. While discrete
sampling in the physics simulator induces trajectory oscil-
lations, PEM ensures stable alignment. In contrast, PEM
ablation leads to progressive divergence (frames 40-110),
as the kinematic module fails to timely adjusting the target
pose according to the simulated pose that gradually moves
away from the learned motion prior.
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Flgure 5. Evaluation on allgned PAE This visualization depicts
a representative channel of the phase manifold. The upper panel
presents the learned phase embedding curve and its parameterized
representation during “normal walking” . The lower panel quanti-
fies the variations in phase frequencies and phase shifts during the
gait transition from “walking” to “obstacle crossing”.

Aligned-PAE. In this stage, we assess the representa-
tional capacity of Aligned-PAE. Fig. 5 displays the learned
and parameterized low-dimensional embedding curves for
two action modes in phase manifold: “steady-state walk-
ing” and “walking-to-obstacle-crossing transition”. The ob-
stacle interaction initiates at 60th frame. During the initial
60 frames, learned embedding curves of two motion types
exhibit similar trajectories, reflecting their shared “walking”
state. However, once encountering the obstacle at 60 frame,
the learned curve of the second mode changes rapidly. This
change is evident in the parameterized curves: the increased
frequency and phase shift of second mode relative to the
steady-walking one. The experimental results confirm that
the aligned PAE can indeed learn the phase characteristics
of different action modes.

4.4. Comparative Performance

We perform a quantitative evaluation to compare POMP
with state-of-the-art (SOTA) real-time motion generation
methods including PFNN [17], Mason et al. [40], StyleERD
[71], RTSM [41] and Motion Puzzle [19].

Tab. | presents the quantitative comparison results.
POMP outperforms all baseline methods in terms of mo-
tion quality. Although StyleERD has fewer model param-
eters, its capability is restricted to generating only seven
types of flat-ground motions. In contrast, POMP produces
100 types of motions on complex terrains and can further
enable unseen motion style editing via target tracking. Al-
though PFNN achieves computational efficiency with faster
runtime and reduced parameter count, it underperforms in
the FMD metric due to its deterministic nature, often yield-
ing motions that regress to the mean pose and lack detail.
POMP addresses this limitation through its phase-guided
diffusion model, which effectively captures the authentic
kinematic distribution of human motions. Despite requiring

Models ‘ train success T MPIJPE | ‘ test success T MPJPE |
Ours 100% 21.5 100% 29.8
PHC 100% 26.6 99.2% 36.1
MaskedMimic 99.4% 329 99.2% 35.1
PULSE 99.8% 39.2 97.1% 54.1

Table 3. Quantitative comparisons with physics-based methods.

more computational resources and model parameters, as is
shown in the supplementary video, POMP’s ONNX format
can run in real time on an 4060 GPU, making the trade-off
between performance and model complexity worthwhile.

Furthermore, we conduct a comparative evaluation be-
tween POMP and physics-based methods on the AMASS
dataset using two evaluation metrics: (1). the success metric
proposed by [34], which classifies a trial as unsuccessful if
any simulated joint exceeds a 0.5-meter deviation from the
target pose; (2). MPJPE (Mean Per Joint Position Error, in
millimeters), which quantifies the precision of joint position
alignment. The comparative methods include PHC [34],
PULSE [35] and Maskedmimic [72], with detailed results
presented in Tab. 3. POMP demonstrates superior perfor-
mance in both generalization capability and motion quality
compared to these RL-based approaches. Notably, POMP
achieves remarkable training efficiency, requiring only 17.2
hours on a single 3090 GPU, compared to PHC’s one-week
training on an A100 GPU [34] and Maskedmimic’s two-
week training on four A100 GPUs [72]. Additional qualita-
tive comparisons are provided in the supplementary video.

5. Conclusion

We present POMP, a framework to generate physically re-
alistic motion in real time. POMP combines kinematic and
dynamic models in a straightforward yet effective manner.
Instead of integrating physics simulation into a gradient-
based training loop, POMP first uses a kinematic generative
model to provide a target pose for the physics simulator.
The simulation result is then fed back into the kinematic
module for subsequent motion generation. Since simulated
poses can deviate from the kinematic motion prior, directly
using them to predict the next target pose may cause motion
generation failures. To address this, we introduce a phase
encoding module that aligns simulated poses and kinematic
motion priors in a share phase manifold, using the phase
encoding to guide the kinematic module in generating the
next target pose. Additionally, we extend this framework
in Unity to handle various tasks from locomotion patterns
across various terrains to more general acyclic behaviors
such as bump reactions, target tracking and martial arts. Ex-
tensive experiments demonstrate POMP’s superiority.
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