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Fig. 1: Extreme whole-body humanoid control from our unified policy OMNIXTREME. (a) A quantitative comparison shows
that our curated extreme motion libraries occupy substantially more challenging regimes than standard multi-motion benchmarks
(e.g., Unitree-retargeted LAFAN1). Real-world executions of our unified policy OMNIXTREME demonstrate robust and physically
executable extreme behaviors drawn from this motion set, including (b) extreme balance behaviors, (c) rapid contact switching with
complex support transitions, (d) high-speed motions with large angular velocities, and (e) diverse whole-body behaviors spanning
qualitatively distinct motion styles.


https://extreme-humanoid.github.io/

Abstract—High-fidelity motion tracking serves as the ulti-
mate litmus test for generalizable, human-level motor skills.
However, current policies often hit a ‘“‘generality barrier”: as
motion libraries scale in diversity, tracking fidelity inevitably
collapses—especially for real-world deployment of high-dynamic
motions. We identify this failure as the result of two compounding
factors: the learning bottleneck in scaling multi-motion optimiza-
tion and the physical executability constraints that arise in real-
world actuation. To overcome these, we introduce OMNIXTREME,
a scalable framework that decouples general motor skill learning
from sim-to-real physical skill refinement. Our approach uses a
flow-matching policy with high-capacity architectures to scale
representation capacity without the interference-intensive multi-
motion RL optimization, followed by an actuation-aware refine-
ment phase that ensures robust performance on physical hard-
ware. Extensive experiments demonstrate that OMNIXTREME
maintains high-fidelity tracking across diverse, high-difficulty
datasets. On real robots, the unified policy successfully executes
multiple extreme motions, effectively breaking the long-standing
fidelity—scalability trade-off in high-dynamic humanoid control.

I. INTRODUCTION

We ultimately seek general-purpose humanoids with scal-
able, human-level whole-body motor skills. A natural and
widely used way to study such capability is high-fidelity
motion tracking, where a controller must reproduce reference
motions accurately while remaining dynamically stable under
contacts and disturbances. High-quality tracking is more than
an aesthetic goal: it captures whole-body coordination and
contact timing that underlie loco-manipulation, expressive
interaction, and many downstream core humanoid capabili-
ties [58 150, 51} 1} 143} 147, 152].

Over the past years, learning-based motion tracking has
made striking progress: with carefully designed objectives and
reinforcement learning, policies can track individual motions
with high precision, including highly dynamic behaviors such
as dance, flips, and martial arts [56 28| [14]. More recent
work [5} 30 9, 23] [11} |6, [12] 157, 154} 26] has taken impor-
tant steps toward multi-motion controllers that cover broader
behavior libraries. Yet a recurring pattern persists: when we
scale to larger, more heterogeneous motion libraries spanning
diverse styles, contact regimes, and timing modes, motion
tracking quality tends to degrade. Controllers become conser-
vative and “average,” break on the hardest motions, or prove
brittle to the small deviations that inevitably occur in sim-
to-real transfer. The degradation is particularly pronounced in
high-dynamic motions, where even small tracking errors can
rapidly cascade into catastrophic failures. This long-standing
fidelity—scalability trade-off has effectively capped the level of
generality achievable in humanoid motor control, particularly
in high-dynamic regimes, suggesting a fundamental limitation
rather than isolated engineering issues [11} 157, [14, 156].

A central question therefore arises: why is high-fidelity
motion tracking so difficult to scale, especially on real
humanoid robots? We argue that this difficulty stems from
two compounding barriers that emerge at different stages of
the current sim-to-real training pipeline.

The first barrier is the learning bottleneck that arises even
in simulation. Several recent works [57, 5} 23} 130, |54, [26, 12}

11] have begun to explore multi-motion humanoid tracking,
aiming to improve scalability beyond single-motion imitation.
However, existing approaches remain constrained by both rep-
resentation and optimization. On the representation side, most
approaches rely on relatively simple policy parameterizations,
such as MLP actors [57, 15, 23, 154, 26, {12, 11, 46]]. When
required to map observations to highly heterogeneous action
targets arising from diverse behaviors and contact patterns,
such parameterizations have been observed to exhibit limited
scalability as data diversity increases [33]]. On the optimization
side, jointly training a unified policy across many motions
using reinforcement learning exacerbates gradient interference,
often leading to conservative averaging and selective failures
on high-dynamic behaviors [12, (11} |9} 30]. Together, these
factors cause tracking fidelity to collapse as motion diversity
and difficulty increase.

The second barrier is the physical executability bottleneck
that emerges at deployment. Even when high-fidelity tracking
is achieved in simulation, transferring such behaviors to phys-
ical robots remains challenging. In prior humanoid learning
pipelines [11, 157, 15 123} 130, 154} 128, 114, 26, 49], actuation
constraints during training are modeled primarily through
joint position limits and simple effort bounds. Although these
simplifications facilitate learning, they become insufficient in
high-dynamic motions, where system behavior is dominated
by unmodeled actuator nonlinearities [41], such as torque—
speed characteristics and velocity-dependent torque losses, as
well as power-related effects, including regenerative power
phenomena, leading to rapid degradation of execution stability.
As aresult, fidelity that appears scalable in simulation may still
fail to materialize on real robots.

Motivated by this analysis, we propose OMNIXTREME, a
scalable training framework designed to explicitly address both
barriers, with the goal of enabling a single policy to robustly
control diverse and high-dynamic humanoid behaviors. To
overcome the learning bottleneck, OMNIXTREME adopts a
flow matching policy and performs specialist-to-unified gen-
erative pretraining via behavior cloning from a collection of
motion specialists. This design decouples representation learn-
ing from optimization, scaling expressive capacity through a
high-capacity generative policy while avoiding interference-
heavy multi-motion reinforcement learning.

To overcome the physical executability bottleneck, OM-
NIXTREME introduces a residual reinforcement learning post-
training refinement for execution under realistic actuation
constraints, which become particularly critical in high-dynamic
motions. Rather than relearning motion tracking, this stage
refines the pretrained policy to respect real-world actuation
constraints through actuation-aware modeling, refined domain
randomization, and explicit penalties on power-related effects.
This targeted refinement ensures that the scaled tracking
policy remains physically executable under realistic hardware
dynamics.

We validate OMNIXTREME through extensive simulation
and real-robot evaluations on increasingly diverse and high-
dynamic motion libraries. Beyond standard multi-motion



benchmarks, we curate a set of extreme motions characterized
by high speed, frequent contact transitions, and tight tim-
ing constraints, and evaluate OMNIXTREME across this full
spectrum. As shown in Fig. [l OMNIXTREME successfully
executes a wide range of extreme behaviors on a Unitree G1
humanoid robot, including flips, acrobatics, and breakdancing
where even minor deviations can rapidly cascade into failure.

Together, these results constitute a stringent scalability stress

test and challenge the prevailing assumption that tracking fi-

delity must collapse as motion diversity and difficulty increase.
Overall, our contributions are fourfold:

1) We present OMNIXTREME, a scalable training framework
for high-fidelity humanoid motion tracking that explic-
itly tackles the fundamental scalability challenge in high-
dynamic humanoid control.

2) We introduce a specialist-to-unified generative pretraining
stage based on flow matching, enabling a unified policy to
scale across heterogeneous and high-dynamic motions.

3) We propose an actuation-aware residual reinforcement
learning post-training stage that refines the pretrained pol-
icy under realistic actuation constraints, ensuring physical
executability.

4) We demonstrate through extensive simulation and real-
world experiments that OMNIXTREME enables a single
unified policy to robustly execute diverse and extreme
motions, addressing the conventional fidelity—scalability
trade-off, especially for high-dynamic motions.

II. RELATED WORK
A. Humanoid Whole-body Control and General Tracking

Recent research in humanoid whole-body control has
demonstrated remarkable progress across diverse skills [61}
19} 115} 156, 36], including dance, fall recovery, and parkour.
However, achieving both high-fidelity motion tracking and
scalability across large and diverse motion libraries remains
an open challenge. Frameworks such as ASAP [14] and
BeyondMimic [28]] demonstrate strong performance in high-
quality imitation of individual motion clips, yet extending
these approaches to increasingly large motion sets intro-
duces additional optimization complexity. On the other hand,
large-scale RL-based trackers including OmniH20 [11], Ex-
Body?2 [23]], and GMT [5] show promising scalability, though
maintaining precise motion fidelity under extensive skill cov-
erage remains challenging. This tension is often reflected as a
fidelity—scalability trade-off in practice. To address this issue,
OMNIXTREME introduces a generative action representation
and a specialist-to-unified optimization framework, enabling
scalable learning while maintaining strong tracking precision
across high-dynamic motion datasets.

B. Diffusion and Flow-based Action Modeling for Robotic
Planning and Control

Diffusion and flow-based models [42, 16} 34, 38, |29, 133} 145,
44) 18] have shown strong capability in robot learning, lever-
aging iterative refinement and stochastic sampling to enhance
robustness and diversity in robotic control and planning [33].

While early research focused on high-level trajectory plan-
ning or low-frequency visuomotor tasks [22) [18] 8, 48| 4],
DiffuseLoco [20] takes a step to apply them to high-frequency
quadruped control. To further enhance expressivity and robust-
ness, recent works like Policy Decorator [53] and ResiP [2]] in-
troduce residual policy learning on arm-based robots, coupling
frozen base models with refinement layers to handle covari-
ate shift and precision bottlenecks in long-horizon assembly.
However, given the vast skill space and inherent instability
that distinguish humanoids from quadrupeds and manipulators,
current effort such as BeyondMimic [28]] focuses on flexible
guided control interfaces rather than clearly demonstrating
the ability to scale to large and diverse motion libraries.
Different from previous work, OMNIXTREME introduces a
comprehensive training pipeline involving DAgger-based Flow
Matching pretraining and residual post-training that pushes the
boundaries of low-level scalability and agility, far surpassing
the motion diversity and dynamic performance of previous
approaches.

C. Actuation-aware Agile Robotic Control

Achieving agility remains a frontier in robotics [25, 27,
130 241 21} 132 155, 117, [7, 160, 61, 149]]. ACRL [41]] leveraged
actuator-constrained RL for high-speed quadrupedal locomo-
tion, while Closing the Reality Gap [59] utilized a current-
to-torque calibration and actuator dynamics modeling for dex-
terous five-finger manipulation. Despite these advancements in
other morphologies, learning agile and actuation-aware control
policies for humanoids remains an underexplored area. OM-
NIXTREME addresses this gap by integrating physics-informed
motor modeling and actuation regularization, pushing the
boundaries of agile humanoid performance under realistic
hardware constraints.

III. METHODOLOGY

In this section, we present OMNIXTREME, a two-stage
training framework for scalable, high-fidelity humanoid motor
skill learning. The Scalable Flow-based Pretraining stage
focuses on high-fidelity motion imitation and representation
capacity acquisition. Specifically, we distill diverse expert
behaviors from a collection of motion-specific expert policies
into a single unified base policy using flow matching [29]. This
generative pretraining stage establishes a shared tracking prior
across heterogeneous motions, without relying on interference-
prone joint multi-motion reinforcement learning.

To address the gap between simulation and real-world
execution, we further introduce an Actuation-Aware Post-
Training stage based on residual reinforcement learning.
Rather than relearning motion tracking, a residual policy is
trained to produce corrective actions that complement the
pretrained flow matching base policy. This stage aligns the
overall system with real-world actuation constraints while
introducing substantially more aggressive domain randomiza-
tion. Through this targeted refinement, the residual policy
adapts the pretrained tracking behavior to realistic hardware
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Fig. 2: Overview of the OMNIXTREME. (a) Pretraining phase:
A unified base policy is trained via DAgger-based Flow Matching
to aggregate diverse motion priors from different motion tracking
experts. (b) Post-training phase: The base policy is frozen while a
residual policy is optimized under stringent motor constraints, exten-
sive domain randomization, and power-safety regularization to bridge
the sim-to-real gap. (c) Onboard deployment: The whole inference
pipeline is real-time and executed entirely onboard, facilitating robust
and agile control in physical environments.

dynamics, improving physical executability and deployment
robustness.

A. Scalable Flow-based Policy Pretraining

1) Problem Formulation: During the pretraining phase, we
learn a flow-matching robot policy with Dataset Aggregation
(DAgger)-based distillation [39} |45]. Specifically, we consider
the observation space of o = {p, ¢, h} covering: (i) robot
proprioception p, including joint positions, velocities, base
angular velocities, and previous actions; (ii) command ¢ con-
sisting of 6D torso orientation differences along with target
joint positions and velocities from the reference motion; and
(iii) history information h encompassing past proprioceptive
states. Given a reference motion dataset M = {m;}M,, our
goal is to first learn expert policies II%, . = {7 e (al0) 1L
for each reference motion, then distilling it into a flow-based
general policy my(alo).

2) Expert Policy Learning: For expert policy training,
we draw the reference motion dataset M from a combina-
tion of Unitree-retargeted LAFAN1 (LAFANT1) dataset [10],
AMASS [31], MimicKit [35]], and the Reallusion motion
library [37], covering both diverse behavioral patterns and
high-dynamic maneuvers. All reference motions are first retar-
geted to the Unitree G1 humanoid robot using GMR [54} [3]].
Subsequently, we train each expert policy fopen on the specific
motion my, via Proximal Policy Optimization (PPO) [40].

3) Flow-matching Policy Learning: We learn the flow-
matching robot policy with DAgger by first rolling out the
current flow-based policy 7y (alo) in the simulator and collect-
ing a trajectory of visited states {01, - ,on} given reference
motion dataset M. For each visited state o, we obtain the
expert action aexperr by querying the corresponding expert
policy. The flow-based model then learn to recover the expert
action Qexpers from noised action by optimizing:

EFM<0) = Et,e,acxpm [Hvﬁ(at, t, 0) - (6 - aexpen)Hz} 3 (D

where a; = (1 — t)aexpert + te is the noised action interpolated
between expert action deyperx and random noise € ~ N(0,1)
depending on flow timestep ¢ € [0, 1]. This objective learns
a velocity field vg(as,t,0) to predict the target velocity
U = € — Gexpert» learning the denoising directions at each flow
timestep [29]. During the optimization process, the timestep
t is sampled from a Beta distribution, ¢ ~ Beta(a, 3), to
focus the learning process on specific regions of the prob-
ability path, thereby enhancing convergence and trajectory
refinement. With the velocity field vy, we can generate action
ap from random noise a; ~ A(0,I) by integrating vg from
t =1 to t = 0 via the foward Euler rule:

Ay =ar— %ve(at,t,O), 2)
where D is the number of integration or denoising steps
controlling the approximation accuracy. By iteratively rolling
out trajectories and supervising them with expert actions
using Eq. (I), we learn 7wy as a general policy to map
the current observation to appropriate actions. To mitigate
distribution shift between expert and learned policies, we align
the termination conditions between the expert and student
environments, thereby reducing exposure to states that the
expert cannot handle. This alignment, combined with DAgger-
style corrective supervision, ensures robust performance even
when the policy encounters unseen or rare states. The full
training procedure is illustrated in Fig. 2fa) and detailed
in Alg.[I]

Regarding training cost, the expert policies can be trained
fully in parallel, making the approach scalable in practice.
Importantly, once the base flow-matching policy acquires
sufficient generalization ability, new motions can often be
incorporated through post-training( Sec. without retrain-
ing new expert policies, significantly reducing the cost of
expanding the motion library.

4) Fidelity-Preserving Randomization and Noise: To main-
tain a high degree of motion expressivity while ensuring
physical stability, we implement a conservative randomization
and noise strategy, as detailed in Tab.[I] during both the teacher
training and pretraining phases. By utilizing moderate noise
levels and domain randomization, we prevent the performance
collapse often induced by excessive stochasticity. This ensures
that the agent accurately captures the underlying physical
dynamics, resulting in a flow matching policy that possesses
foundational sim-to-real robustness and the predictive certainty
necessary for real-world deployment.



TABLE 1. Configurations for noise, domain randomization, and  Algorithm 1 Flow-based Pretraining and Inference

termination thresholds during pre-training and post-training phases.
Here +x denotes [—z, x].

Parameter Item Moderate Aggressive
Noise and Domain Randomization
Joint Position (rad) +0.01 +0.01
Joint Velocity (rad/s) +0.5 +0.5
Angular Velocity (rad/s) +0.2 +0.2
Torso 6D Rotation (rad) +0.05 +0.05
Base CoM Offset (m) x: £0.025,y, z: £0.05x: £0.025, y, z: +£0.05
Static Friction [0.3,1.6] [0.3,1.6]
Dynamic Friction [0.3,1.2] [0.3,1.2]
Action Delay (ms) [0, 15] [5,10]
Coefficient of Restitution None [0.0,0.5]
Default Calib. (rad) +0.01 +0.01
Init. Pose (rad) +0.1 +0.15

Init. Lin. Vel. (m/s)

Init. Ang. Vel. (rad/s)
Push Frequency (s)

Push Lin. Vel. (m/s)

Push Ang. Vel. (rad/s)
Terrain Surface / Step (m)

zy: £0.5, z: £0.2 xy : £0.75,z : +£0.3
RP: £0.52,Y: £0.78 RP : £0.78,Y : £1.17
1.0 - 3.0 1.0 - 3.0

zy: £0.5, z: £0.2 zy: £0.5, z: £0.2

RP: £0.52,Y: £0.78 RP: £0.52,Y: +0.78

None [0,0.01]/0.01

Termination Thresholds
Torso Pos. Z / Ori. Error
End-Effector Z-Error (m)

0.25m / 0.8rad
0.25

0.375m/1.2rad
0.375

B. Actuation-Aware Post-training Phase

1) Residual Policy Modeling: While the pretrained flow
matching base policy provides a robust and unified behavioral
foundation, it encounters performance gaps when facing real-
world physics. To better account for this gap and enable
smooth sim-to-real transfer, we propose a post-training refine-
ment stage using a lightweight MLP-based residual-corrective
learning. Specifically, we learn the residual correction policy
w4 on top of the frozen pretrained policy 7y by generating
the refined action @ = agow + ares and supervising it with
cumulative rewards via PPO, detailed in the Appendix.

In particular, the observation space for the residual actor
and critic incorporates robot proprioception, motion command,
and the current base action agoy. Within the proprioceptive
state, the residual policy observes the previous refined action,
whereas the flow matching base policy remains conditioned
on the previous flow-based action.

2) Actuation-aware Physical Constraint Modeling: To ex-
plicitly account for real-world actuation effects, we train the
residual policy using environments that incorporate realistic
actuation-aware physical constraints and domain randomiza-
tion, as shown in Fig. (b). The actuation-aware physical
modeling is detailed as follows:

a) Aggressive Domain Randomization: We substantially
increase the range for domain randomization by up to 50%
on common domain randomization settings, including initial
pose noise, force disturbances magnitude, angular velocity,
etc., as detailed in Tab. [ We randomize the terrain by adding
surface noise and placing vertical steps randomly in the scene.
Crucially, we relax the termination thresholds by 1.5x from
their base values (e.g., orientation error from 0.8 to 1.2rad).
This relaxation allows the residual policy to explore and
correct for large-deviation but recoverable states that would

1: Training: Distill Flow Matching Policy with DAgger
2: Input: Teacher policy set Tieqcher, Flow matching policy
g, Motion dataset M, Replay buffer D
3. repeat
D+ 0
iteration
Sample motion m ~ M and select teacher 7;", .,
Rollout 7y in simulator conditioned on m to obtain
states si.7
for t =1to T do

m
Gegpert,t < ﬂ—teacher(st)

> On-policy reset: Clear buffer for the new

> Expert labeling

9: D < DU{(st, M, Gegpert,t)} > Aggregate data

10: end for

11: Flow Matching Optimization:

12: for each gradient step do

13: Sample (s, Gegpert) ~ D

14: Sample ¢ ~ Beta(a, 3) and € ~ N(0, 1)

15: Construct probability path: z; = (1 —1)aegpert +te

16: Compute target velocity: u; = € — Gegpert

17: Update 6 using gradient descent on ||vg(z¢,t, c) —
u?

18: end for

19: until convergence

20: Inference: Action Sampling with Euler Integration
21: Input: Trained velocity field vy, Concatenated condition

¢, Number of steps N
22: Set step size At =1/N
23: Initialize xy ~ N(0,1)
24: for k=0to N —1 do
25: t=1—k-At

> Start from Gaussian noise

> Reverse time from 1 to 0

26: vy < vg (x4, t, C)

27: Ti_at < T — vg - At > Reverse-time Euler step to
obtain x

28: end for

29: return a = x > Execute final reconstructed action

otherwise be prematurely terminated.

b) Power-Safe Actuation Regularization: In practice,
highly dynamic motions can induce large transient braking
loads that are not explicitly regulated in standard training
pipelines. To address the issue, we introduce an explicit
penalty on excessive negative joint mechanical power to
mitigate aggressive motor braking that can trigger overcurrent
protection or thermal stress on real robots. Specifically, we use
the instantaneous mechanical power P = 7-w calculated from
the applied joint torque 7 and angular velocity w as a critical
policy for actuator safety. We penalize the negative power
beyond a predefined deadband to suppress large regenerative
braking events for each joint:

> (max(_P}(_ de’0)>2, 3)

JjeJ

L:neg—power =



where Pj, Py, denotes power for joint j and the deadband
threshold, respectively. K is a normalizing constant. In prac-
tice, this term is selectively applied to the knee joints in
the context of high-dynamic motions(e.g., backflips), as these
joints are particularly prone to high braking loads during
impacts and recovery phases.

¢) Actuation-Aware Torque—Speed Constraints: A major
source of sim-to-real discrepancy stems from the oversimplifi-
cation of actuator modeling, whereas standard torque clipping
techniques neglect velocity-dependent constraints imposed by
back-electromotive force and physical power limits. This omis-
sion leads to a significant sim-to-real gap when performing
high-dynamic motions. To bridge this gap, we integrate a
realistic torque-speed operating envelope directly into the
simulation, dynamically deriving torque limits based on the
instantaneous alignment of torque and angular velocity:

Tyl, U T >0
yl, in )
Tmax,0 = “4)
e {TyQ, V- Tin < 0.

The admissible torque is then defined as a monotonically
decreasing function of joint velocity magnitude:

Tmax,0 |’U| < Vg1,
V| — Vg1
Tclipped(v) = § Tmax,0 (1 - 1|}|’Uw) y U1 < |'U| < Vg,
x2 — Uzl
0, [v| > vga.

&)
The commanded torque is finally clipped to this admissible
range before being applied to the joint, which ensures that the
simulator never samples torque commands that are physically
unattainable for the real actuators.
In addition to torque-speed limits, we further model
actuator-level internal losses through a nonlinear friction term
applied after torque clipping,

v
Tapplied = Tclipped — (;U’S tanh() + /Ld'U> . (6)

act

The smoothed Coulomb component captures the transition
from static to kinetic friction, while the viscous term accounts
for velocity-dependent dissipation and provides additional
damping. The parameters fis, Uy, and pg are constants.
Overall, this structured refinement stage yields controllers
that are simultaneously safer, more robust to large distur-
bances, and more faithfully aligned with real-world actuator
dynamics, thereby enabling reliable deployment on robots.

C. Real World Deployment

The integrated real-world deployment pipeline is illustrated
in Fig. 2fc). In the deployment phase, we leverage the pelvis
IMU as the primary orientation source and compute the torso
rotation through Forward Kinematics (FK). To ensure minimal
control latency, the entire computational pipeline—including
FK-based state estimation, the base flow matching policy, and
the residual policy—is optimized and executed via TensorRT.
This integrated pipeline achieves an end-to-end inference
latency of about 10ms on the Unitree G1’s onboard Orin NX.

Such optimization enables the robot to execute high-quality
motion tracking at a consistent S0Hz frequency in complex
physical environments.

IV. EXPERIMENTS

We present extensive experiments in simulation and on
physical robots to evaluate the scalability of our proposed
OMNIXTREME system as motion libraries grow in diversity
and difficulty. Our experiments are organized around the
following key questions:

Q1: Scalable high-fidelity tracking. Compared to prior multi-
motion baselines, can our approach maintain high-fidelity
tracking at scale, both in simulation and on real robots, without
collapsing under representation and optimization challenges?
Q2: Fidelity—scalability trade-off (OMNIXTREME V..
from-scratch RL controllers). As motion diversity and dif-
ficulty increase, how does tracking performance degrade for
from-scratch multi-motion reinforcement learning controllers,
and to what extent can our approach extend the scalability
frontier?

Q3: Capacity scaling with flow-based (OMNIXTREME V.s.
MLP-based controllers). Does increasing model capacity
improve large-scale multi-motion tracking performance, and
does generative pretraining via flow matching enable stronger
and more stable scaling behavior than conventional MLP-
based motion tracking controllers?

Q4: Real-world executability and robustness. How do
aggressive domain randomization, actuation-aware modeling,
and power-aware safety mechanisms individually and jointly
affect sim-to-real transfer and real-world execution success?

QS: Qualitative whole-body capability. Beyond scalar track-
ing metrics, can OMNIXTREME demonstrate agile and versa-
tile whole-body behaviors across diverse motion styles and
dynamic contact patterns?

Together, these questions probe the scalability and robust-
ness of OMNIXTREME by disentangling the roles of gener-
ative pretraining for representation and capacity scaling, and
residual post-training for real-world executability.

A. Experimental Setup

1) Motion Libraries: We construct our motion libraries fol-
lowing a two-tier design. First, we use the full LAFAN1 [10],
which has been widely adopted in prior multi-motion tracking
work and serves as a standard benchmark for evaluating
scalability under stylistic and temporal diversity.

Second, to evaluate and push the limit of extreme humanoid
motions, we curate about 60 highly challenging motions se-
lected from LAFANI1 [10]], AMASS [31], MimicKit [35], and
Reallusion [37]. These motions exhibit substantially higher dy-
namic intensity, frequent contact transitions, and tight timing
constraints, as shown in Fig. [I(a). We collectively refer to this
curated set as the XtremeMotion dataset.

Together, LAFAN1 and XtremeMotion form a motion li-
brary that spans both standard multi-motion benchmarks and
extreme behaviors that probe the limits of fidelity, robustness,
and real-world executability.



2) Baselines: We compare against two families of strong
baselines designed for multi-motion tracking.
(a) Specialist-to-Unified MLP Distillation. This class of
methods [57] first trains per-motion (or per-cluster) specialist
policies and then distills them into a single unified MLP
tracking policy. Relying on supervised distillation, they benefit
from relatively stable and straightforward optimization, but are
limited by the representational capacity of the MLP policy.
(b) From-scratch Multi-motion Reinforcement Learning.
This class [[L1, 15, 23, 130, 28] directly trains a single unified
tracking policy from scratch using reinforcement learning
across all motions, but often suffers from gradient interference
and conservative averaging as motion diversity and difficulty
increase.

B. Evaluation Metrics

The policy is evaluated through simulated rollouts of motion
tracking to extract performance metrics. The primary metric
is the success rate (Succ), where an episode is deemed
unsuccessful if the humanoid deviates beyond a predefined
threshold from the reference motion or becomes unstable. We
additionally report the root-relative mean per-joint position
error (MPJPE) (mm), as well as discrepancies in joint-
space velocity (Avel) and acceleration (Aacc), to quantify
kinematic accuracy and physical fidelity.

On physical robots, we evaluate performance using
deployment-oriented metrics, including skill-level success
rates and qualitative assessments of motion fidelity for high-
dynamic behaviors.

C. Scalable high-fidelity tracking (Q1)

In this section, we study whether high-fidelity humanoid
motion tracking can be preserved by OMNIXTREME as
motion libraries scale in diversity and difficulty. We com-
pare OMNIXTREME with specialist-to-unified MLP distillation
(Specialist—Unified MLP) and from-scratch multi-motion re-
inforcement learning (From-scratch RL) under matched model
capacity and identical training data. All methods are trained
on the same combined motion library (LAFANI + XtremeM-
otion) and evaluated on three test sets: the full motion library,
the high-dynamic XtremeMotion subset, and an unseen motion
set (randomly sampled from retargeted AMASS).

Simulation. As summarized in Tab. OMNIXTREME
consistently outperforms both baselines across all sim-
ulation metrics. The gap becomes substantially larger on
XtremeMotion and unseen motions, where baseline methods
exhibit reduced success rates and increased tracking errors as
motion difficulty increases. This indicates that OMNIXTREME
preserves tracking fidelity as motion diversity and difficulty
scale, rather than degrading under increased complexity.

Real world. We further deploy OMNIXTREME on a Unitree
G1 humanoid robot using motions drawn from XtremeMotion.
For clarity of presentation, motions are grouped into represen-
tative skill categories based on shared dynamic structure and
contact patterns. A trial is considered successful if the motion
is executed without manual intervention or safety-triggered

From-scratch RL

Success Rate (%)

10 20
Number of Motions

Fig. 3: Fidelity-scalability trade-off. Tracking success rate as we
progressively scale motion diversity and difficulty, while evaluating
all policies on a fixed set of the first 10 motions.
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Fig. 4: Capacity scaling. Tracking fidelity and robustness as a
function of model capacity. OMNIXTREME benefit more strongly
from scaling, while conventional MLP controllers saturate earlier.

termination. As shown in Tab. [[Tl} across 157 real-world trials
spanning 24 distinct high-dynamic motions, OMNIXTREME
achieves consistently high success rates across diverse
skill categories, including flips, acrobatics, breakdancing, and
martial-arts-style motions. These results demonstrate that the
scalability gains observed in simulation translate to robust and
physically executable behaviors on real hardware.

D. Fidelity—scalability trade-off (Q2)

To characterize the fidelity—scalability trade-off in multi-
motion tracking, we progressively scale motion diversity by
training on an expanding set of motions drawn from XtremeM-
otion, and analyze how different training paradigms respond
under the same evaluation protocol.

from-scratch multi-motion reinforcement learning ex-
hibits earlier and more pronounced performance degrada-
tion as scale increases, whereas OMNIXTREME maintains
higher tracking robustness over a broader scaling range.
As shown in Fig. EL from-scratch multi-motion RL [28]]
exhibits a characteristic degradation pattern as motion diversity
increases: tracking precision deteriorates steadily, followed by
a sharp loss of robustness beyond a critical scale. These results
indicate that the observed fidelity—scalability trade-off is not
inherent, but can be substantially alleviated by a more scalable
training paradigm.

E. Capacity scaling (Q3)

We next examine whether increasing model capacity further
improves multi-motion tracking performance, and whether
our generative policy exhibits stronger scaling behavior than
conventional MLP-based controllers [33]]. We train a fam-
ily of models with increasing capacity (e.g., width/depth or



TABLE II: Scalable high-fidelity motion tracking under diverse motion sets. OMNIXTREME consistently achieves lower kinematic
errors and higher success rates than baselines, particularly on high-dynamic and unseen motions.

Method LaFAN1+XtremeMotion

XtremeMotion Unseen Motions

MPIJPE | Avel | Aacc| Succ.(%) T

MPIJPE | Avel | Aacc| Succ.(%) T | MPJPE | Succ.(%) T

From-scratch RL [28] 47.95 10.03 3.27 82.95 54.19 14.04 4.04 79.45 56.87 85.29
Specialist— Unified MLP [57] 33.35 6.70 2.11 94.91 43.43 11.38 2.51 89.22 58.94 85.95
OmniXtreme (Pretrain only) 32.65 6.34 2.04 97.17 37.11 10.46 2.39 95.16 56.25 89.23
OmniXtreme (Pretrain + Post-train) 30.93 6.19 2.13 98.54 36.17 9.94 2.58 95.64 56.05 89.54

TABLE III: Real-world evaluation of OMNIXTREME on Unitree
G1. We evaluate OMNIXTREME on physical hardware using motions
drawn from the XtremeMotion motion library.

Skill #Motions Attempts Success (%)T
Flip 7 55 96.36
Handspring 5 35 88.57
Acrobatics 4 15 80.00
Breakdance 5 22 86.36
Martial arts 3 30 93.33
Total 24 157 91.08

Transformer hidden size and layers) under the same data and
training recipe. Fig. [ reports tracking fidelity and robustness
as a function of model capacity. We observe that additional
capacity translates more directly into improved tracking
quality for our flow matching policies, whereas MLP-
based policies show weaker gains.These results suggest that
representational scaling is a practical lever for extending multi-
motion tracking fidelity when paired with a scalable training
paradigm.

F. Real-world executability and robustness (Q4)

We analyze the contribution of different post-training mech-
anisms to sim-to-real transfer by incrementally enabling them
and evaluating real-world execution at the skill level. Tab.
summarizes the ablation results.

In summary, different classes of high-dynamic motions
exhibit distinct failure modes, and each execution-oriented
mechanism addresses a complementary aspect of real-
world executability. For highly impulsive motions such as
flips, enforcing actuator torque-speed constraints is sufficient
to enable stable execution, as respecting motor envelopes pre-
vents immediate hardware-level violations. Contact-rich skills
such as breakdance and acrobatic motions remain unstable
under motor constraints alone, but benefit substantially from
aggressive domain randomization, which improves robustness
to timing-sensitive contact perturbations. Motions involving
high-speed impact buffering, such as acrobatic landings, re-
main challenging even with aggressive domain randomization,
power-safety regularization is critical for these skills, as it
mitigates failures caused by excessive transient braking loads
and unsafe energy absorption during high-impact contacts.
Together, these results show that reliable real-world execution
emerges from the combined effects of actuation-aware mod-
eling, robustness-oriented randomization, and energy-aware
safety constraints.

TABLE IV: Ablation of post-training mechanisms. Real-world
executability of different skills under incremental post-training mech-
anisms. None: base pretrained policy only; MC: motor constraints;
ADR: aggressive domain randomization; PS: power-safety regulariza-
tion (overcurrent / regenerative protection). v: stable execution;
unstable or inconsistent execution; x: consistent failure; ©: failures
primarily associated with power-safety protection, such as overcurrent
or excessive regenerative braking.

Skill None +MC +MC+ADR Full (+MC+ADR+PS)
Flip v v v
Breakdance v v
Acrobatics X ) v

Flip Acrobatics Y A

Ny ) ‘)% ' u

Y hoRk

Breakdance | s ]

e YR A

Fig. 5: Qualitative results. Representative real-world rollouts pro-
duced by OMNIXTREME, executing qualitatively distinct whole-body
motions across diverse styles and contact patterns, including flips, ac-
robatics, breakdance, and martial-arts behaviors. The results illustrate
stable and coordinated execution under rapid contact transitions and
timing-sensitive phases on physical hardware.

'

G. Qualitative results on extreme motions (Q5)

Finally, we provide qualitative evidence that OMNIXTREME
can exhibit agile and versatile whole-body skills across distinct
motion styles and contact patterns, beyond what is captured
by scalar tracking metrics. We visualize representative roll-
outs spanning stylistic motions from XtremeMotion. Fig. 3]
highlights that OMNIXTREME can track qualitatively different
motions with coherent whole-body coordination, complement
the quantitative metrics in Q1-Q4 and illustrate the breadth
of behaviors enabled by scalable generative pretraining and
actuation-aware refinement. Please refer to the Supp. for
additional qualitative results, including video demonstrations.

V. CONCLUSION

We presented OMNIXTREME, a two-stage framework for
scalable high-fidelity humanoid motion tracking in high-
dynamic regimes. By combining specialist-to-unified flow-
based pretraining with actuation-aware residual reinforcement
learning, OMNIXTREME mitigates both the learning bottle-
neck at scale and the physical executability bottleneck at
sim-to-real deployment. Extensive simulation results show



that OMNIXTREME preserves tracking fidelity substantially
deeper into motion diversity than other baselines, and real-
robot experiments demonstrate reliable execution of diverse
extreme behaviors with a single unified policy, breaking the
conventional fidelity—scalability trade-off.

For future research, jointly scaling data diversity and model
capacity will be essential for enhancing the generalization
of whole-body humanoid motor skills. As learning-based
controllers are pushed toward more dynamic and hardware-
constrained regimes, actuation-aware modeling becomes a
critical component of the learning pipeline. By incorporating
high-fidelity actuation characteristics—such as current, power,
torque, and speed-dependent constraints—researchers can fur-
ther bridge the sim-to-real gap, ensuring that learned behaviors
translate seamlessly to physical humanoid robots.
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