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Fig. 1: X-Loco achieves vision-based generalist humanoid locomotion control. Relying solely on velocity commands without
reference motions, X-Loco leverages proprioception and exteroception to traverse complex terrains, performing behaviors such
as climbing up and down stairs, fall recovery, box climbing, and forward rolls.

Abstract—While recent advances have demonstrated strong
performance in individual humanoid skills such as upright
locomotion, fall recovery and whole-body coordination, learning
a single policy that masters all these skills remains challenging
due to the diverse dynamics and conflicting control objectives
involved. To address this, we introduce X-Loco, a framework for
training a vision-based generalist humanoid locomotion policy.
X-Loco trains multiple oracle specialist policies and adopts a
synergetic policy distillation with a case-adaptive specialist selec-
tion mechanism, which dynamically leverages multiple specialist
policies to guide a vision-based student policy. This design enables
the student to acquire a broad spectrum of locomotion skills,
ranging from fall recovery to terrain traversal and whole-body
coordination skills. X-Loco demonstrates vision-based humanoid
locomotion that first jointly integrates upright locomotion, whole-

body coordination and fall recovery, while operating solely
under velocity commands without relying on reference motions
during the inference time. Experimental results show that X-
Loco achieves superior performance, demonstrated by tasks such
as fall recovery and terrain traversal. Ablation studies further
highlight that our framework effectively leverages specialist
expertise and enhances learning efficiency.

I. INTRODUCTION

Humanoid robots equipped with advanced algorithms have
garnered significant attention due to their potential for an-
thropomorphic motion and versatile manipulation [33,
50, 4 2. As a fundamental capability, locomo-
tion control has witnessed rapid progress facilitated by re-
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inforcement learning (RL) and high-fidelity physical simula-
tors [52) 146, [12, 136, 133] 169, 22, [18]]. Recent advancements
have demonstrated remarkable results, ranging from traversing
challenging terrains [S7, 29 149, |13] and executing robust
fall recovery [7} 19, |61] to agilely tracking highly dynamic
motions [18} 28] 165 158, [14, [73]].

Despite these advancements, a key limitation of existing
humanoid locomotion control methods lies in their predom-
inant focus on isolated or specific categories of locomotion
skills, such as upright locomotion [S7, 29, 49, [76] or fall re-
covery [22, |61} 130, 51]]. This functional fragmentation renders
these humanoid locomotion controllers incapable of handling
complex scenarios, such as autonomously resuming locomo-
tion after a fall. Furthermore, these methods fail to achieve
whole-body coordination skills interacting with terrains, which
prevents the robot from traversing challenging terrains. While
motion tracking-base methods [14, (66} 71, |65l 164] and tele-
operation paradigms [16, (70, 25] facilitate diverse whole-
body coordination behaviors, their inference relies heavily
on reference motions or human intervention via specialized
devices, leaving the robot unable to autonomously perceive
its surroundings and perform locomotion. Hierarchical archi-
tectures [59) [60] comprising a high-level reference generator
and a low-level tracker struggle to respond agilely to complex
real-world scenarios or unexpected events in real time and
the tight coupling between these two systems complicates
the training process. Overall, existing methods are unable to
achieve a generalist policy that enables humanoid robots to
autonomously perform vision-based upright locomotion, fall
recovery and whole-body coordinated motor skills according
to environmental conditions.

Developing a vision-based generalist locomotion controller
capable of integrating locomotion skills ranging from upright
locomotion to fall recovery, alongside whole-body coordina-
tion behaviors like box climbing, remains an open challenge
for humanoid robots. This necessitates the robot’s ability to
autonomously execute diverse motor behaviors in real-time to
negotiate with complex environments, independent of human
teleoperation or reference motions. To realize such a versa-
tile controller, several challenges must be addressed: First,
achieving whole-body coordination skills [64} [14] for terrain
interaction without reference motions introduces substantial
complexity, as the absence of guidance leads to inefficient
exploration coupled with the requirement for precise environ-
mental perception. Second, directly and concurrently learning
diverse skills including terrain traversal, fall recovery, and
whole-body coordination significantly exacerbates exploration
difficulty and introduces challenges such as gradient interfer-
ence. Lastly, beyond mastering diverse skills, the controller
needs to leverage visual perception to understand the en-
vironment and generate appropriate, real-time responses to
conditions.

To address these challenges, we introduce X-Loco, a frame-
work that develops a generalist humanoid controller by dis-
tilling three privileged specialist policies, each optimized for
a distinct capability: upright locomotion, fall recovery, and

whole-body coordination, such as rolling and box climbing.
Specifically, we implement a Case-Adaptive Specialist Selec-
tion (CASS) mechanism that dynamically queries the most
relevant specialist policy based on the robot’s state and the
surrounding terrains giving the action guidance for the student
policy. As acquiring multiple locomotion skills simultaneously
is often hindered by the untrained policy inability to cover
the specialists’ optimal state-action distribution, we introduce
Specialist Annealing Rollout (SAR), a dynamic ratio-based
data collection strategy that incorporates a proportion of
rollouts from the specialist policies for training. This mixing
ratio decays as the distillation loss converges, shifting the
focus toward the student policy’s own explorations while
reducing noisy data in the early stages of training. To enhance
robustness, Stochastic Fall Injection (SFI) is implemented by
applying active external disturbances during locomotion, rather
than just initializing fallen states . This mechanism forces the
policy to adapt to unexpected loss of balance, requiring the
emergence of a transition between locomotion and emergency
fall recovery.

In summary, by distilling specialist policy expertise into a
generalist policy, X-Loco expands the capabilities of existing
humanoid locomotion controllers. Our primary contributions
are summarized as follows:

o We develop X-Loco, which trains three locomotion spe-
cialist policies sharing a unified action space and inte-
grates their diverse motor skills into a generalist policy.

o We introduce a synergetic distillation paradigm to con-
solidate expertise from multiple specialist policies into a
single generalist policy, effectively mitigating interference
between diverse locomotion skills.

+ We introduce SAR to ensure efficient expert knowledge
internalization through adaptive rollout mixing, and SFI
to expose the policy to failure regimes, thereby enabling
transitions between locomotion and fall recovery.

o We deploy X-Loco on the Unitree G1 robot, demonstrat-
ing its superior performance and stability across diverse
terrains and challenging scenarios, thereby validating the
framework’s robustness and sim-to-real transferability.

II. RELATED WORK
A. Learning-based Humanoid Control

1) Upright Locomotion: Humanoid locomotion has evolved
from blind locomotion on uneven terrains [12, 40, (72, [12]],
visual locomotion across complex terrains [S7, 49, 29] and
multiple locomotion skill learning [76, [62]. By decoupling
the control of the upper and lower limbs [S 48 62], hu-
manoid robots can achieve complex loco-manipulation tasks
that require coordination between the entire body. However,
the aforementioned methods fall short of addressing complex
tasks such as fall recovery and high-difficulty whole-body
coordinated movements.

2) Fall Recovery: Falling is an inevitable occurrence for
legged robots. RL provides a robust and generalizable frame-
work for fall recovery [24} 22| [7]]. FIRM [61] has explored the
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Fig. 2: Overview of X-Loco. (a) We first train three privileged specialist policies across three distinct locomotive skills.
Subsequently, we employ Synergetic Policy Distillation to efficiently distill these skills into a visual generalist policy m,. (b)
X-Loco can perform diverse locomotion skills in the real world.

synergy between fall-safety and fall-recovery and AHC [74]
utilizes multi-task RL to simultaneously achieve both au-
tonomous fall recovery and stable walking. Despite these ad-
vancements, integrating fall recovery with a visual locomotion
controller remains an open challenge.

3) Motion Tracking: Leveraging motion retargeting (3|
and motion imitation [37]], humanoid robots can
perform highly dynamic behaviors [18], [58] 28] and uni-
versal motion tracking [14] [71] 63 [8]] given reference motions.
Exteroceptive information is integrated into a motion tracking
framework to enable complex loco-manipulation [66] and sen-
sorimotor locomotion [1]]. Our method further eliminates the
dependency on reference motions during inference, enabling
the robot to autonomously perform whole-body coordination
movements based on exteroceptive perception.

B. Multiple Locomotion Skills Learning

While developing a single policy for multiple skills is often
hindered by gradient interference and task objective trade-
offs [26, [67]. Mixture-of-Experts (MoE) [6, 23] has been
shown to mitigate gradient conflict in multi-skill learning
and effectively facilitate the acquisition of diverse locomotion
gaits [57) 21]]. Methods such as MELA [63] and MTAC
utilize a hierarchical structure to decouple individual motor
skills, which are subsequently coordinated by a high-level
module. OGMP [41]] leveraging hybrid automatons enables
a single policy to master loco-manipulation tasks that require
multiple skills through preference-reward-guided optimization.
Locomotion skills with minor morphological variations can be
acquired by one-stage framework leveraging reward function
design [62} 33] and curriculum learning [9} 56].

In legged locomotion, policy distillation is widely utilized
for privileged information learning [9] [8] and sim-to-
real transfer [66, 27]. Policy distillation enables dynamic
parkour behaviors by training specialized teachers for different

terrains and distilling their expertise into a single policy
[76l, [44]). In contrast to existing works, our framework
further integrates whole-body coordination and fall recovery
into a generalist policy, autonomously executed based solely
on exteroceptive perception and velocity commands.

III. PROBLEM FORMULATION

We formulate the humanoid locomotion control as a
Markov Decision Process (MDP), defined by a tuple M =
(S, A, P,R,~) where S and A denote the state and action
spaces, respectively. P(s;t1|s:, a;) represents the state transi-
tion probability, R(s¢, at) : S x.A — R is the reward function,
and v € [0,1) is the discount factor. We employ proximal
policy optimization (PPO) [46] and Generalized Advantage
Estimation (GAE) [43] to train specialist policies, each opti-
mized to maximize the expected discounted cumulative return
J(7) = Ernr 32020 7 B8t ar)].

1) State Space: We partition the state space S into three
components: the privileged state s}, which contains infor-
mation available only in simulation, proprioceptive informa-
tion s}"” and exteroceptive information which in our setting
consists of depth images d; € R®**%* The proprioceptive
information s} " primarily comprises:

s]tDI’OP - [wtvgtaqMQtvatfl] S R787 (1)
where w; € R3 is the base angular velocity, g; € R? is the
gravity vector in the base frame, q; € R?? and ¢; € R%*
represent joint position and joint velocity, and a;_1 € R?3 is
the last action. The privileged state s} is defined as:

SIZ“V = [vtabtaetaftvhhmt]’ (2)
where v, € R® is the base linear velocity, b; denotes the
head height, and e; € RS, f; € RC represent the positions
and velocities of the hands and feet relative to the base



frame, respectively. h; € R'*3 denotes the local terrain height
samples, while m; € R®? indicates the motion command.

2) Action Space: To ensure knowledge transfer during dis-
tillation, all policies share a consistent action space A € R?3
and employ the same Proportional Derivative (PD) parameters
to map the action to joint target positions: g;"**" = gdefault -
a - a;, where %™ represents the pre-defined default pose
and « is a scaling factor following Liao et al. [28]]. The joint

torques 7; are then computed as:

- Qt) - Kaqy, 3)

where K, and K, denote the stiffness and damping coeffi-
cients, respectively.

target

Tt = Kp(‘lt

IV. METHOD

In this section, we introduce the pipeline of the X-Loco
framework as shown in Fig 2| We first train three specialist
policies: upright locomotion 7, fall recovery m,, and whole-
body coordination 7,,. Subsequently, we propose a synergetic
policy distillation to effectively consolidate these specialized
capabilities into a single generalist policy .

A. Specialist Policies Training

All specialists share a unified action space and consistent
DoFs. While these specialists are undeployable in real world
due to their dependency on privileged state, they achieve peak
performance in their respective domains.

1) Upright Locomotion Specialist: The upright locomotion
specialist 7; is designed to establish the robot’s basic mobility,
enabling navigation of diverse terrains, such as stairs, pits, and
gaps, while following velocity commands ¢; = [vg, vy, w] T
We employ two encoders to process observations, alongside
an actor network to predict actions. Specifically, the policy
incorporates a history encoder to compress historical states
comprising {sP" ", v;, e;, fi}t_,_o over ten consecutive time
steps into a latent representation. Simultaneously, an elevation
map encoder processes h, to provide a compact geometric
understanding of the surrounding terrain. To ensure behavioral
naturalness and enhance exploration efficiency, we incorporate
the Adversarial Motion Prior (AMP) [38, 53] as a style reward
to guide the policy. Consequently, 7; learns to track velocity
commands with a natural gait across diverse terrains, providing
upright locomotion guidance for the student policy.

2) Fall Recovery Specialist: The fall recovery specialist 7,
is optimized for robot posture restoration from diverse fallen
situations. Given that the objective of 7, is postural stabi-
lization rather than velocity-tracking, the policy is designed
to be agnostic to terrain information, i.e. h;. We adopt an
architecture comprising only a history encoder compressing
historical state similar as 7; and an actor network for 7. To
ensure the policy can recover from arbitrary failure cases, the
robot is initialized in both supine and prone postures during
training, with large joint position noise added to the initial
states to simulate diverse falling conditions. Furthermore, an
AMP-based style reward is integrated into the training of
for avoiding jerk motions and guide the policy’s exploration.

As a result, m,. is capable of executing recovery maneuvers,
enabling the robot to regain its footing from any fallen state.

3) Whole-Body Coordination Specialist: While existing lo-
comotion policies often lack whole-body coordination abil-
ity, we develop the whole-body coordination specialist 7,
focusing on these skills based on a blind motion tracking
paradigm [28] which can achieve high-fidelity motion tracking
without AMP-based reward. The 7, consists of an elevation
map encoder and an actor network. The former processes by
into a latent representation, which together with s?'* and m;
is fed into the actor network to predict actions. We employ
the elevation map encoder for local terrain perception, thereby
enhancing the policy’s generalization capability when tracking
motions that involve terrain interaction. m, is specialized
in tracking motions that necessitate whole-body coordination
motion like box climbing and rolling, rather than aiming for
universal motion imitation. The subsequent distillation phase
transfers these skills into a generalist policy 7, and eliminate
its dependence on reference motions during inference.

B. Synergetic Policy Distillation

In the distillation process, we employ a student policy using
MOoE architecture that maps s}, ¢; and d; to target joint
positions, acquiring the capabilities from various specialist
policies. To consolidate skills from these specialists into a
generalist policy, our synergetic policy distillation employs
CASS to dynamically switch specialists based on the robot’s
state and terrain, while SFI and SAR collectively enhance
robustness and training efficiency. Specifically, CASS serves as
the high-level logic switcher that defines the learning objective
by selecting the target specialist. Once the specialist is desig-
nated, SAR governs the rollout data distribution by adaptively
mixing specialist guidance with student exploration to bridge
the gap between specialist behavior and non-privileged student
execution. To enable the policy to learn recovery maneuvers
across various hazardous states rather than merely initiating
a simple stand-up routine from the ground at the start of an
episode, SFI actively pushes the robot from stable locomotion
into recovery states. This tripartite synergy ensures that the
student policy not only mimics specialist actions but also
masters the temporal transitions and robustness required for
complex real-world deployments, as detailed in Algorithm [I]
of the Appendix.

1) Case-Adaptive Specialist Selection: CASS defines three
cases according to the robot state and local terrain: recov-
ery, upright locomotion, and coordinated maneuvers. Each
case is associated with a specific specialist. Let C =
{(Crec, ™), (Clocos 1) (Ceoor, ™)} denotes the set of all cases
and their corresponding specialist. The specific case assigned
to the robot is determined by the mapping function f(bs, I1),
which evaluates the robot’s head height b; and the current
terrain context I; and outputs a specific case index from C.
A detailed definition for the mapping function is provided in
Appendix C. During distillation, the target action a; is selected



as:

aj = Y 1= fbr, 1)) mi(sis), )

(i,Tri)EC

where s; ; represents the input of the specialist policy and I is
the indicator function. The termination criteria are consistent
with the selected specialist policy to ensure that the col-
lected trajectories remain within state-space manifold explored
during specialist training. Notably, each specialist leverages
clean privileged observations s; ; for maximum performance,
the student policy is trained using a noised non-privileged
observation o, ;. The distillation objective minimizes the mean
squared error between the student’s action and the selected
target action:

Laisin = E[||7g(0u,t) — a;|13]. (&)

Within the case ccoor, CASS adaptively modulates the motion
commands fed into m,, thereby providing the student pol-
icy with appropriate whole-body coordination skill guidance
across different scenarios. Consequently, CASS provides the
student policy with appropriate target action, enabling the
generalist humanoid control learning including whole-body
coordination, terrain traversal, and fall recovery based on
proprioception and depth without requiring reference motions.

2) Specialist Annealing Rollout: Only with the CASS
mechanism, training a single policy to master multiple spe-
cialist domains simultaneously is challenging. This difficulty
stems from two primary issues: First, an untrained policy
frequently generates trajectories that are out-of-distribution
(OOD) relative to the specialists, which are difficult to filter
via early termination. Second, contact-rich and whole-body
coordination skills are hard to acquire because errors in the
early stages of a maneuver prevent the agent from experiencing
subsequent parts of the skill. To mitigate these challenges,
we introduce SAR, which samples actions applied for the
environment during data collection by switching between the
student and specialist policies according to a mixing ratio p:

Aeny = gta: + (1 - gt)ﬂ-g(og,t); (6)

where & ~ Bernoulli(p) is a binary random variable governed
by p. This mixed rollout strategy reduces the occurrence of
low-quality state manifolds, allowing the student policy to
observe and learn from the successful behaviors of complex
motion sequences before it can execute them independently.
The mixing ratio p follows an annealing schedule tied to
the training progress. Specifically, we decrease p when the
distillation loss L4;s+;; falls below a predefined threshold e:

p — max(0,p — Ap - I Lgistin < €)) (7

By gradually shifting from expert-driven rollouts to au-
tonomous exploration, SAR provides a scaffold for distilla-
tion, ensuring the student policy transitions to self-exploration
only after attaining a foundational mastery of the specialist’s
knowledge.
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Fig. 3: Terrains used for training and evaluation.

3) Stochastic Fall Injection: Instead of solely initialize a
subset of environments in fallen states, we propose SFI which
introduces random external forces while the robot is walk
or climbing, forcing the robot to enter the c,.. regime from
normal states. To ensure realism, these external force injections
are not entirely stochastic, they are conditioned on specific vul-
nerable scenarios, such as high-speed turns or rolling motions,
to simulate unpredictable real-world accidents. To prevent the
student policy from being compromised by corrupted data
when external forces drive the robot into OOD states relative
to 7., we implement an additional termination criterion when
SFI is triggered. We maintain a buffer of the robot’s head
height H over consecutive timesteps, the episode is terminated
if the variance of the buffer falls below a predefined threshold
indicating that the robot has become stuck during the stand-up
process:

L(f(be, It) = Crec) - T(Var(Hy—p) < 6), ®)

where ¢ is a stability threshold. This criterion ensures that the
distillation process remains focused on recoverable states by
pruning trajectories where the m, fails to progress.

C. Training Details

This section details implementation techniques used to
optimize the training process. Refer to Appendix A for the
complete configurations regarding the simulation environment
and hardware setup, as well as reward formulations and
domain randomization.

1) Expert Ratio Scheduling: We implement a hysteresis-
based annealing mechanism for the expert ratio p. Specifically,
p decays by a step size of le—4 per iteration only when the
MSE loss falls below a lower threshold 7;,,, = 0.005. Con-
versely, if the loss exceeds an upper threshold 74445 = 0.010,
the decay process is suspended until the performance recovers
(i-e., loss < Tyow). This adaptive scheduling dynamically mod-
ulates the intensity of expert assistance based on the student’s
real-time proficiency. The introduction of the hysteresis zone
enhances the stability of p updates and prevents premature
reduction of expert support.

2) Stabilizing Whole-Body Specialist Distillation: During
the pre-training of m,, we incorporate elevation maps into
the observation space to facilitate the perception of local
terrain geometry. To mitigate overfitting to specific terrain



configurations, we randomize the robot’s start position with x-
y offsets sampled from [—0.15m, 0.15m] on box terrains. For
the distillation phase, we preserve data quality by adopting the
specialist’s termination criteria to exclude failed samples.

3) Camera Rendering: Current sensor rendering in simu-
lations [33| 136] suffers from low throughput and a lack of
visual isolation, where robots inadvertently perceive instances
from other parallel environments. Ray-caster camera based
on NVIDIA Warp [32] achieves a rendering speed 30 times
faster than the default simulator camera, but it struggle to
concurrently handle both dynamic and static meshes. Our
approach further decouples the environment into static meshes
representing the terrain and dynamic meshes representing
the robot mesh. To optimize computational throughput, each
agent’s ray-caster selectively queries the global static mesh and
its own local dynamic mesh, maintaining a rendering speed 10
times faster than the default simulator camera.

V. EXPERIMENTS

A. Experiment Setup

We perform training and evaluation in the IsaacLab [36]
simulator. The trained policy is deployed on a Unitree G1
humanoid robot, operating at 50Hz predicting target joint
positions. These targets are subsequently tracked by a SO0Hz
PD controller, which translates them into torques to drive the
motors.

In the simulation evaluation, we categorize the test task into
three categories: Upright Locomotion, Whole-Body Coordi-
nation (WBC), and Recovery. The full suite of evaluation
terrains is visualized in Fig. 3] and the detailed physical
specifications for each terrain type are summarized in Table [[I}

1) Baselines: To validate the locomotion performance of
the proposed framework, we compare our framework with the
following baselines:

o BeyondMimic [28]: A baseline focuses on whole-body
coordination motion tracking relying solely on proprio-
ception. We compare against it to highlight the necessity
of exteroception for interacting with environments.

+ MORE [57]: This baseline employs a two-stage pipeline
training a vision-based policy to achieve robust locomo-
tion across complex terrains.

e AHC [74]: This baseline implements an adaptive blind
control policy that unifies locomotion with autonomous
fall recovery behaviors.

o PPO [46]: The baseline trains a policy using PPO with
depth inputs to traverse across all terrains.

e Our Specialists: We evaluate the individual specialist
policies (m;, 7, and 7,,) separately.

To assess the specific contributions of our proposed compo-
nents, we also evaluate several ablation baselines:

o Ours w/o CASS: An ablation to evaluate whether CASS
facilitates the acquisition diverse locomotion skills.

e Ours w/o SFI: An ablation to evaluate whether SFI helps
to enhance the policy’s robustness.

e Ours w/o SAR: An ablation to analyze SAR’s contribu-
tion to the policy distillation process.

e Ours w/o MoE: Ablation of policy network with the
MoE replaced by a Multi-Layer Perceptron (MLP).

e MoE-N: Variants of our framework with N € {2, 3}
experts to investigate the sensitivity of performance to
N, where MoE-2 serves as our adopted architecture.

2) Metrics: We quantify performance using two primary
metrics:

o Success Rate (Rg): The percentage of episodes where
the task objective is fully met. Success is defined as:
traversing the entire 8 m track without falling for the Up-
right Locomotion and WBC task; regaining a standing
posture and balancing for 5s for the Recovery task.

o Traversal Distance (Dy,y): The average distance trav-
eled along the z-axis prior to failure or timeout is
assessed in the Upright Locomotion tasks.

B. Simulation Results

1) Comparative Analysis: Based on the terrain types, Up-
right Locomotion and Whole-Body Coordination (WBC) tasks
are categorized into several sub-tasks. While the specialists
define the performance upper bound for each specific task,
X-Loco is capable of executing all tasks using a single
generalist policy, which is a capability that other baselines
lack. We provide a detailed analysis of the performance of the
specialists, X-Loco, and the baselines across different tasks
based on Table |l] in the following.

a) Specialist vs. Baselines: The specialist policies con-
sistently achieve the highest performance in their respective
domains. For instance, the locomotion specialist achieves a
near-perfect average success rate Rguce of 0.990 and the whole-
body specialist achieves perfect performance with Ry at
1.000. The superior performance over the baseline in the
box climbing task stems from to the utilization of the in-
formation in h,, rather than blind tracking reference motions
that disregards terrain interactions. This results is primarily
attributed to the use of privileged information and a focused
training objective on a single category of tasks which allows
these policies to establish the performance upper bound for
each skill and provides a solid foundation for distilling these
capabilities into a generalist policy.

b) X-Loco vs. Baselines: X-Loco demonstrates signif-
icant versatility compared to the baselines. While Beyond-
Mimic excels in WBC tasks with an average Ryyee of 0.958
but lacks locomotion and recovery capabilities and relies on
pre-defined reference motions, and MoRE shows competitive
results in locomotion but fail completely in WBC and Re-
covery tasks, X-Loco successfully masters all three tasks.
Although AHC with fall recovery capability can perform two
types of tasks, it remains a blind approach, which results in
significantly inferior terrain traversal performance compared
to X-Loco. Notably, directly incorporating perception without
any adjustments to the framework of AHC leads to training
collapse. In the Upright Locomotion task, X-Loco achieves



TABLE I: Quantitative comparison of X-Loco against baselines and specialist policies. Bold numbers indicates the best
performance other than the specialists, and - denotes that the method failed to complete the corresponding task.

| Upright Locomotion | Whole-Body Coordination | Recovery

Method Slope Pit Stairs _ Hanging Bar Box B Flat

Ruce Drray Ruce Diray Rsuce Diray Rguce Riuce Rsuce Ruce Rsuce
BeyondMimic [28] - - - - - - - 1.000 + 000 | 0.916 + .008 | 0.958 =+ .004
MOoRE [57] 0.992 + 008 7.863 £+ .018 | 0.844 £+ .009 6.833 £ .114 | 0.926 £ .009 7.387 +.013 | 0.921 £ .009 - - -
PPO 0.823 +.021  6.674 +.152 | 0.793 £ 018  6.396 + .184 | 0.781 +.025  6.565 & .141 | 0.799 =+ .021 -
AHC [74] 0.968 + .005 7.871 £.022 | 0.403 £+ .031 3.179 £+ 254 | 0.278 £+ .042 2.524 + 311 | 0.550 £ .026 1.000 + .000
Locomotion Specialist | 0.995 + .002  7.989 &+ 011 | 0.984 +.010  7.914 + 135 | 0.991 + 011  7.963 £ .004 | 0.990 + .008 - - -
‘Whole-Body Specialist - - - - - - 1.000 £ .000 | 1.000 +.000 | 1.000 + .000 -
Recovery Specialist - - - 1.000 =+ .000
Ours (X-Loco) | 0982+ .010 7.984 + 033 | 0.878 £ 015 7.592 + 084 | 0.958 + 007 7.853 &+ 011 | 0.939 + 011 | 0.873 £ .014 | 0.868 £ .018 | 0.871 £ .016 | 1.000 % .000

TABLE II: Terrain Configurations for Evaluation

Skill Obstacle Properties Ranges Unit
slope incline [15,20] °
Locomotion  pit obstacle height [0.30,0.40] m
stair step height [0.10,0.15] m
Whole-Body  obstacle vertical clearance  [0.87,0.95] m
Coordination  obstacle height [0.50, 0.65] m
Recovery flat ground - -

an average success rate of 0.939. This performance outper-
forms the PPO baseline at 0.799 and AHC at 0.550 by a large
margin, while remaining highly competitive with MoRE. In
the WBC task, X-Loco maintains a success rate of 0.871
without relying on reference motions during the inference
time, whereas other baselines lacking such references fail to
execute these tasks.

c) Specialist vs. X-Loco: The performance gap between
X-Loco and the specialist policies is relatively narrow. In the
Upright Locomotion task, X-Loco recovers approximately
94.8% of the specialist’s success rate. In the Recovery task,
X-Loco matches the specialist with a perfect 1.000 success
rate. While X-Loco exhibits the most pronounced perfor-
mance degradation in the WBC tasks, this underscores the
difficulty of mastering vision-based whole-body coordination
skills without reliance on reference motions. We provide a
further analysis of X-Loco regarding failure-prone cases in
the following. Furthermore, a manually designed selection
strategy for specific scenarios could enable terrain traversal
by switching specialists, but it would introduce nontrivial
design complexity and suffer from limit scalability. These
results indicate that our framework can effectively distill and
integrate diverse expert knowledge into a single policy, despite
the inherent challenges of multi-task learning and potential
gradient interference between different skills.

2) Ablation Analysis: We conduct a comprehensive abla-
tion study on CASS, MoE architecture, SAR and SFI.

a) Effectiveness of CASS: To evaluate the contribution of
CASS, we compare our method against the variant Ours w/o
CASS. As reported in Table [[TI} the absence of CASS leads
to a drastic performance collapse in both WBC and Upright
Locomotion tasks. The primary driver of this degradation
is that without the selection mechanism, the distillation pro-

Fig. 4: Top: Testing the generalist policy on hybrid, challeng-
ing terrains. Bottom: Extensibility of the X-Loco to include
vision-guided (a) lateral sidling and (b) kneeling crawling.

TABLE III: Quantitative results of ablation analysis on CASS
and MoE architectures.

‘Whole-Body
Locomotion | Coordination | Recovery | Average

Method = = =

e Ruce Ruce Ruce Ruce
Ours w/o CASS 0.903 0.446 1.000 0.783
Ours w/o MoE 0.692 0.561 0.996 0.749
MOoE-3 0.628 0.709 1.000 0.779
MoE-2 (Ours) 0.939 0.845 1.000 0.928

cess lacks critical training samples representing the transition
phases between heterogeneous motor patterns. Specifically,
the student policy is not exposed to the specific state-action
pairs required to bridge disparate skills. In summary, CASS is
essential for providing the guidance to synthesize specialized
specialist into a generalist policy, ensuring the emergent gen-
eralist policy maintains high fidelity to specialist capabilities
while mastering the connective dynamics between them.

b) Ablations on MoE Architecture: We evaluate Our
w/o MoE and MoE-3 across all test tasks and report the
average success rate. As shown in Table [l the Ours w/o
MoE variant struggles to maintain high success rates across
all tasks, with performance dropping significantly in WBC
tasks. This confirms that the MLP backbone lacks the capacity
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of ablation on SAR.

to reconcile state-action distributions from multiple specialists
into a shared parameter space. While the MoE-2 significantly
recovers performance, further increasing the number of ex-
perts (MoE-3) leads to a regression, particularly in Upright
Locomotion tasks. We found that MoE-2 demonstrates more
effective specialization as shown in Fig. ] with one expert
dedicated to fall recovery while both experts are jointly
activated for other task. In contrast, one expert in the MoE-3
variant remains inactive, leading to sparse updates and sub-
optimal utilization.

c) Ablations on SAR & SFI: As shown in Fig. [| our
method demonstrates a clear advantage in distillation loss over
the Ours w/o SAR baseline. In the early training phase, the
loss decreases rapidly as the policy focuses on high-quality
samples from the specialists. As p decays, the student policy
begins to utilize its own rollout data including non-optimal
or failed trajectories to learn to adapt complex situations,
leading to a rise in loss. Ultimately, X-Loco achieves faster
convergence to a lower terminal loss. This confirms that SAR
effectively bridges specialist guidance and self-exploration,
ensuring more efficient policy distillation. To evaluate the
role of SFI, we assess the policy’s performance in Upright
Locomotion and WBC tasks under large external disturbances
that lead to falls. We measure the success rate after falling to
quantify the recovery capability. As shown in Table the
variant with SFI achieves a higher success rate, demonstrating
that SFI significantly enhances the policy’s ability to regain
balance in unpredictable environments.

TABLE V: Success rates of sub-phases in WBC tasks.

Forward Rolling
Sub-pl  Sub-p2  Sub-p3
100%  82.4%  76.5%

Box Climbing
Sub-pl  Sub-p2  Sub-p3
100% 100%  76.5%

C. More Analysis

1) Hybrid Terrain: We further evaluated the robustness and
skill integration of the generalist policy by constructing a
challenging hybrid terrain sequence that requires continuous
navigation across diverse obstacles. In this experiment, the
robot is initialized in a fallen state and must sequentially
perform fall recovery, climb up and down stairs, roll under
a hanging bar, and finally climb a box. This is a long-
horizon task using depth information, as shown in Fig [
It can even recover after being pushed off a high platform
and subsequently resume the climbing task. This successful
traversal across such a challenging terrain proves that our
framework effectively consolidates diverse skills into a single
policy, enabling the robot to execute multifaceted movements
while maintaining inherent adaptability.

2) Framework Extensibility: X-Loco enables the capability
expansion of the generalist policy by expanding motions
learned by the whole-body coordination specialist and sub-
sequently adjusting CASS and terrains during the distillation
process. Fig. [] illustrates two examples of capability expan-
sion: lateral movement through narrow gaps and crawling
under low-overhanging obstacles. The results demonstrate
that the distilled generalist policy m, successfully mastered
these skills: when encountering narrow gaps, the robot au-
tonomously transitions to a sidling posture to traverse the ter-
rain; when faced with low-clearance obstacles, the robot spon-
taneously adopts a crawling gait to pass under the obstacles.
This capability underscores the versatility and extensibility of
our framework. By simply enriching the specialist’s training
set, the generalist policy can effectively integrate new whole-
body coordination skills, proving that X-Loco is a scalable
solution for humanoid locomotion control.

3) Failure Case Analysis: We provide a further analysis
of the failure cases encountered during WBC tasks. We
partitioned the Box Climbing task into three distinct sub-
phases: hands-propping, single-leg kneeling, and kneeling-to-
standing. Similarly, Forward Rolling was divided into bending,
rolling, and standing phases. As shown in Table [V] failures
are concentrated (i) during the transition from single leg
kneeling to standing during box climbing, and (i) in the
late stage of forward rolling where an explosive leg thrust is
required. These failures stem from the difficulty in generating
the precise peak joint forces across the specific joints required
for such complex, high-torque state transitions, particularly in
the absence of reference motions.

D. Real-World Deployment

a) Performance on Hybird Terrains: To validate the
robustness and versatility of X-Loco in the real world, we



Fig. 7: Left: (a) fall recovery and platform traversal; (b) resilience to external disturbances; (c) a continuous sequence of
recovery, stair climbing, and rolling under an overhead bar. Right: (Top) a failure case where the robot trips due to lack of
camera randomization. (Bottom, from left to right) original depth in simulation, noisy depth, and processed real-world depth.

deployed the generalist policy on a Unitree G1 robot. Fig. [T]il-
lustrates the performance of X-Loco across diverse challenging
terrains, including a 90cm-high hanging bar and a 60cm-tall
box. In a series of comprehensive tests, the robot successfully
manifested a seamless transition between the three core loco-
motion abilities. Fig. [7] demonstrates X-Loco’s performance
across various composite terrains under disturbances. The
policy successfully executes a series of continuous maneuvers,
including recovering from a fall, traversing high platforms,
climbing stairs, and performing a rolling motion to pass
under a hanging bar. Furthermore, the experimental results
confirm the policy’s exceptional resilience. When subjected
to severe external disturbances or manual pushes that result
in a fall, the policy autonomously regains an upright posture
and resumes locomotion. The experiment results demonstrate
that the capabilities integrated via our distillation pipeline
generalize effectively to physical hardware. More real-world
performance analysis is provided in Appendix F.

b) Depth Sim-to-Real Analysis: Transitioning the policy
from simulation to the real world reveals a large depth sim-to-
real gap, which significantly degrades the policy’s performance
as shown in Fig. [7] The policy suffers from perception-action
mismatches caused by depth disparities, resulting in collisions
with obstacles followed by falls or continuous foot scuffing
against the ground during locomotion. To bridge the depth
sim-to-real gap, we implement a multi-stage pipeline that
synthesizes realistic depth data by injecting additive Gaussian
noise and blurring to emulate real-world sensor. Furthermore,
we employ domain randomization over the camera’s extrinsic
and intrinsic parameters, including random perturbations of its
orientation, position, and field of view (FOV). For real-world
depth images, we apply hole-filling and Gaussian filtering
to mitigate sensor noise and data sparsity. As illustrated in
Fig. []] this preprocessing ensures consistent image alignment
between simulation and reality, enabling the policy to achieve
successful sim-to-real transfer.

VI. CONCLUSION

We present X-Loco, a framework that enables a single
vision-based policy to achieve generalist humanoid control

via velocity commands. By employing synergetic policy dis-
tillation, X-Loco consolidates three specialist policies into a
unified agent. SAR and SFI are introduced to bridge the gap
between expert guidance and autonomous exploration, and to
enhance the policy’s recovery resilience, respectively. Exper-
imental results demonstrate that X-Loco achieves successful
integration of diverse locomotion skills with performance com-
parable to that of the specialists, offering a scalable solution for
generalist humanoid locomotion. Real-world deployments fur-
ther confirm its capability to manage complex environments,
pushing the boundaries of humanoid locomotion.

VII. LIMITATIONS AND FUTURE WORK

Despite its advancements, X-Loco has limitations. Its per-
formance is primarily constrained by a limited sensory horizon
due to the narrow-FOV camera, and the difficulty of perfectly
modeling real-world sensor noise. Additionally, since the
distillation relies on behavior cloning, the policy is inherently
bounded by the specialists’ performance, making X-Loco less
effective in edge cases lacking expert coverage.

Future work will follow two directions. First, we will
integrate multi-modal sensing (e.g., LiDAR) to broaden the
perceptual field and rectify misjudgments through cross-modal
calibration. Second, we aim to develop a hybrid learning
framework that combines distillation with online RL, allowing
the policy to explore and generalize beyond specialist demon-
strations. Additionally, employing a hierarchical framework
that includes a learning-based selection module and several
specialized policies is another promising approach to further
enhance the locomotive performance of humanoid robots.
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