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Figure 1. Zero-shot generalization and real-world humanoid capabilities enabled by XHugWBC’s generalist policy. First row:
Robust zero-shot generalization across seven humanoids with diverse DoFs, dynamic characteristics, and morphological structures.
Second row: flexible teleoperation using XHugWBC enables long-horizon whole-body loco-manipulation tasks. Website: XHugWBC.

Abstract

Learning-based whole-body controllers have be-
come a key driver for humanoid robots, yet most
existing approaches require robot-specific train-
ing. In this paper, we study the problem of cross-
embodiment humanoid control and show that a
single policy can robustly generalize across a wide
range of humanoid robot designs with one-time
training. We introduce XHugWBC, a novel cross-
embodiment training framework that enables gen-
eralist humanoid control through: (1) physics-
consistent morphological randomization, (2) se-
mantically aligned observation and action spaces
across diverse humanoid robots, and (3) effec-
tive policy architectures modeling morphological
and dynamical properties. XHugWBC is not tied
to any specific robot. Instead, it internalizes a
broad distribution of morphological and dynam-
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ical characteristics during training. By learning
motion priors from diverse randomized embodi-
ments, the policy acquires a strong structural bias
that supports zero-shot transfer to previously un-
seen robots. Experiments on twelve simulated
humanoids and seven real-world robots demon-
strate the strong generalization and robustness of
the resulting universal controller.

1. Introduction

Learning-based whole-body control (WBC) has become a
dominant paradigm for legged robots, especially humanoids,
enabling agile and robust behaviors beyond conventional
model-based controllers (Cheng et al., 2024a; He et al.,
2024; Liao et al., 2025; Xue et al., 2025; Yang et al., 2025a;
Li et al., 2025). However, most existing controllers target
a single embodiment (Pan et al., 2025; Chen et al., 2025b),
requiring extensive retraining when transferred to new plat-
forms. This limits scalability as each new robot differs in
morphology, kinematics, and dynamics, making per-robot
training costly and inefficient. A key open question there-
fore remains: can a single learned controller generalize
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across diverse humanoid embodiments? controllers. Most existing approaches train on a small set
Achievina this is challenaing due to hiahly dvnamic Con_of embodiments and achieve limited transfer (Yang et al.,
9 h ging ghly dy 2025b; Lin et al., 2025; Peng et al., 2026; Doshi et al., 2024),

tacts, strict stability requirements, and large morphologi-_ " . . : .
. . . : .~ or introduce diversity through simple morphological ran-

cal variations. Prior cross-embodiment efforts in animay .o tion (Yu et al., 2022: Luo et al., 2024: Liu et al
tion (Gupta et al., 2022; Huang et al., 2020) and locomo: ° ' N ' ’

tion (Yang et al., 2025b; Liu et al., 2025a) rely on sharedzozsa; Al etal., 2025). These methods typically assume

) ] . . .~ ~aligned state-action spaces and similar embodiment dynam-
morphological priors, uni ed state-action representations

or similar dynamics. Such assumptions break down for hui_cs, restricting their applicability to narrower robot families.

manoids, which diverge substantially in kinematic structureHumanoid robots, however, exhibit heterogeneous struc-
degrees of freedom, joint ordering, and physical propertiegures, physical properties and state representations, thus
Simpli cations that have facilitated transfer in quadrupedsviolating such assumptions. To address this, some efforts re-
such as reduced dynamic models or relatively homogeneouwsort to biology-inspired trajectory generators (Sha ee et al.,
body morphologies also break down for humanoids (Fen@024), while others represent embodiments with joint-level
etal., 2022; Luo et al., 2024), whose morphological diversitydescriptor sequences (Bohlinger et al., 2024; Ai et al., 2025).
and whole-body dynamics are intrinsically more complex. In contrast XHugWB@enerates physically consistent em-

bodiment data and leverages a hybrid-mask Transformer
To address these challenges, we proptdagWBea frame- to capture broad humanoid motion priors, enabling robust

work for learning a cross-humanoid whole-body controller. eneralization with a sinale polic
XHugWB@ombines: 1) physically consistent morpholog—g gie policy.
ical randomization (Traversaro et al., 2016), 2) a uni ed

state-action representation that semantically aligns diffe-2- Humanoid Whole-Body Control

ent embodiments, and 3) a policy architecture modelingvhole-body control is a critical yet challenging task for
embodiment-speci ¢ and graph-based representations dgumanoid robot learning and real-world applications. Re-
rived from robot topologies. cent work has explored uni ed command spaces (Xue et al.,
We evaluateXHugWB@cross diverse humanoids in both 2025; Lietal., 2025; Sun etal., 2025; Zhang et al., 2025a),
typically using command sampling and reinforcement learn-

simulation and reality. For the rsttime, a single generalist A : .
policy trained with our framework achieves robust zeroNd- Other studies focus on motion tracking and represen-

shot whole-body control across seven distinct real-world@tion learning from individual demonstrations (Xie et al.,
humanoid robots. In simulation, it scales to twelve distinct292; He et al., 2025; Huang et al., 2025) or large-scale

embodiments, reaching approximately 85% of specialist perqatasets (Yinetal., 2025; Zhang et al., 2025b; Ze et al., 2025;
formance, while generalist-initialized ne-tuning surpasses-U© €t al-, 2025), but often assume xed robot morpholo-

specialists by up to 10%. These results show XtatigWBC gies. Additional progress has been made in whole-body
learns strong embodimeagnostic motion priors and en-

loco-manipulation within controlled environments (Wang
ables scalable, generpurpose humanoid control. Our main €t &l 2025b; Weng et al., 2025; Su et al., 2025; Chen et al.,
contributions are:

2025a; Zhuang & Zhao, 2025).

Our work follows Xue et al. (2025) and adopts a uni ed
* A physics-consistent morphological randomization thatcommand space to enable expressive whole-body behaviors
yields diverse and physically meaningful embodiments. while explicitly targeting cross-humanoid generalization.

* A universal embodiment representation with tailored
training techniques for cross-humanoid whole-body con3. Method
trol. 3.1. Physics-Consistent Morphological Randomization

* To the best of our knoyvledge, this is the rst generallstWith the success of domain randomization (Peng et al.,
controller demonstrating robust zero-shot whole—body2018, Hwangbo et al., 2019; Miki et al., 2022: Wu et al

control across seven real-world humanoid robots WIth2023) in training robust whole-body controllers (Xue et al.,
substantial diversity. 2025; Zeng et al., 2025; Wang et al., 2025a), a straightfor-
ward approach for learning cross-humanoid policies is to
2. Related Work randomize the embodied data (Feng et al., 2022; Bohlinger
et al., 2024) across kinematic, dynamic, and morphological
dimensions. However, a robot's inertial parameters must
Cross-embodiment learning aims to nd control policies Satisfy physical consistency (Traversaro et al., 2016) to rep-
that generalize across robots with different morphologiegesent plausible rigid bodies, making the feasible parameter
and dynamics, reducing the need for embodiment-speci ¢pace inherently non-convex and discontinuous. Prior work

2.1. Cross-Embodiment Learning for Legged Robots
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Figure 2. Training framework of XHugWBC(a) Data generation physics-consistent morphological randomization produces diverse
and physically meaningful embodimentb) Universal embodiment representation robot-speci ¢ states are projected into a global
joint space, upon which an embodiment graph is constructg&®aficy learning: the generalist policy uses a GCN- or Transformer-based
encoder together with a state estimatd). Deployment the learned policy generalizes to seven humanoid robots with different kinematic,
dynamic, and morphological structures in zero-shot.

on physics-based simulation and legged locomotion oftemass (CoM) coordinates in the body frame, and

overlooks this requirement, either because experiments are 2 3
conducted entirely in simulation or because robot links are Ix  Ixy Ixz
approximated using simple geometric primitives whose dy- =41y lyy 1y®
namics are scaled in a linear and often physically invalid Iz lyz Nz

manner (Brandon et al., 2022; Ai et al., 2025). For humanoid

robots with highly complex and heterogeneous structureés the rotational inertia w.r.t. the coordinate origin. Similarly,

perturbing inertial parameters without enforcing physlcallo'nt parameters joint represent the contributions from)each
> Ng >

consistency can easily produce unrealizable models, destaint and can be expressed &gin = 11 SR ,

bilize simulation, drive policy optimization toward degener-where each | connects a parent link and a child link, and is
acy, and ultimately cause catastrophic failures in sim-to-reatle ned by both spatial and dynamic parameters
transfer. We therefore introduce physics-consistent mor-
phological randomization to generate diverse and plausibl§,; py;pz; ; ; ;@ x;8y; 8z; Omin; Omax Gnax max 2 R13
embodied data.
where thep = [py; py; Pp.] speci es the joint position in
Parameterizing a template robot. We capture the shared the parent frameg = [ ; ; ] represent its orientation,
structures of humanoid robots in a template model and d& = [ax; ay; a;] de nes the motion axis, andmin, Gnax
ne a parameter vector that encodes its kinematic layoutinax @and max denote the range of motion, maximum veloc-
link geometries, inertial properties, and joint con gurations.ity and torque, respectively. For randomizing morphologies,
intuitively, we can apply perturbations within this morpho-
=[ ks joint] 2 RN logical space of the template robot:
where ik 2 R are parameters of robot linksjgint 2 o- . D .
13n .. - , morph - (l)
R*Nd are parameters of robot jointsy, 2 N, and
ng 2 N, are the number of the rigid bodies and the whereD

is noise distribution. Nevertheless, addin
number of degrees of freedom, respectively. In detail, morph g9

is non-trivial, as arbitrary noises can break physical consis-
link = 5iih represents the contributions tency. To achieve reasonable morphology randomization,

from each r|g|d body, each| corresponds to the inertial e reparameterize the morphological space into a form that
parameters of thieth rigid body and is composed of we can easily add noise to.

m; s hyihas oo Ly i oz by e s 1yl 2 R
[ xifyihzibocilyy itz by il tlyel Reparameterizing the link space. We rst derive a

wherem denotes the masB,= [hy;hy;h,]> = mc” are  physics-consistent randomization solution for the link space,
the rst mass moment where2 R3 denotes the center-of- which mainly consists of inertial parameters.
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De nition 3.1 (Physics-Consistent Inertial Parameter8)  Proposition 3.5(Smooth Physics-Consistent Randomiza-
rigid body's inertial parametersjnk are said to be physically tion). Under Lemma 3.2—-3.4, any physically consistent in-

consistent if its pseudo-inertia matrix ertia perturbationJ® 0 can be written as
> J%=(UL)(uUL)”; 9
S h - (UL)(UL) (©)
h m

whereU is uniquely determined bype 2 R1°.

is symmetric positive de nite, where = 1Tr(1)I  I. Proof of proposition 3.5 is in Appendix A.1. Consequently,
hysics-consistent randomization of inertial parameters can
e performed by unconstrained perturbation®1, while
preserving physical feasibility and smoothness of the param-
eter space.

Recall that the pseudo-inertia matrix admits the integraE
form Traversaro et al. (2016) as

J= qq” ()av; g=[x7:1F5  (9)
\%
Reparameterizing the joint space. In practical systems,
joint parameters are typically constrained by their underly-
ing inertial properties. Therefore, we perform joint space
Lemma 3.2(Cholesky-Level Parameterizationlf J 0,  randomization ovejoint rotational axesjoint position and
then there exists a unique upper-triangular matrixvith  joint actuation In particular, 1) we randomize the orien-
positive diagonal entries such that tation of the hip joint's rotational axia = [ax;ay;a,],
J=LL” - ) which enables the synthesis of a wide range of kinemati-
cally distinct hip con gurations. The remaining joints fol-

N . . .. low a similar arrangement sequence across platforms. 2)
Lemma 3.2 implies that any physically consistent inertiayy, r2ndomize joint positiop = [ py; py; p.] relative to the

matrix can be smoothly parameterized by its Cholesky fac- arent link's frame, with magnitudes bounded within twice
tor L. Therefore, physics-consistent randomization can b he distance to thé link's center of mass. For motor con-

implemented by perturbing as trol, the proportional-derivative (PD) gains and torque limits
LO= L+ : D: J0=L9°: (5) max are linearly scaled with the total mass of the robot as
a heuristic approximation to maintain consistent actuation
whereD denotes a noise distribution. To provide geometrichehavior across morphologies. 3) We randomize the actu-
interpretability of such perturbations, we further examineation type by sampling selected joints as eitleoluteor
how the pseudo-inertia transforms under af ne deformationsxed, where xed joints are rigidly locked and excluded
of the rigid body. from control. Joints subject to this randomization include
Lemma 3.3(Af ne Transformation of Pseudo-Inertia)Un-  three waist joints (roll, yaw, and pitch), seven arm joints
der an af ne transformation of body coordinate8= Ex  (shoulder roll, yaw, and pitch; elbow pitch; and wrist roll,
and a mass density scalind = 2 , the pseudo-inertia  Yaw, and pitch), and three head joints (roll, yaw, and pitch).

and the positive de niteness constraiht 0 can be en-
forced via linear matrix inequalities (Rucker et al., 2022).

matrix transforms as As a result, the controller can operate on robots with widely
Z varying degrees of freedom, ranging from a minimum of 12
J0= Eqq” E” 2 (x)dV = UJU ~; (6)  active joints, corresponding to a pure bipedal con guration
v with three hip joints (roll, yaw, pitch), one knee joint, and
whereU = E. two ankle joints (pitch, roll) per leg, to a maximum of 32 ac-

tive joints, which additionally include three waist joints, two
Combining Lemma 3.2 and Lemma 3.3, any physicallyarms with seven joints each, and three head joints. Detailed
consistent inertia perturbation can be expressed as randomization ranges are provided in Appendix A.2.
00— >,
J7=(UL)(uL)”: @ 3.2. Universal Cross-Embodiment Representation
10 Dbt g . . _ _ _
Lemma 3.4(R™ Bijective I\/I+app|ng of Inertia) The trans- oy goal is to develop a uni ed control policy across var-
formation matrixU 2 GL™ (4) admits a unique upper- o5 morphologically diverse humanoid robots, each char-
triangular factorlzatlc_)n_ with po_smve dlago_nal e;ntnes. acterized by unique kinematic morphologies and differing
Moreover, parameterizing the diagonal entries via €xpon,mbers of actuated joints. A key challenge lies in the sig-
nential maps yields a bijection between sttfand a 10- ;i cant heterogeneity in their respective state and action
dimensional real vector spaces. To address this, we map robot-speci ¢ joint states
et = [ 1d 1:0o; ds: S123 Soa S13: t: ta: ts]” 2 RY: (8) into a global Jom_t space for semantic allgnment, and con-
struct an embodiment graph on top of this global space to
where the explicit matrix form & is given in Appendix A.1. explicitly encode morphological structure.
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Joint space semantic alignment. Lin et al. (2025) pro- 3.3. Cross-Humanoid Learning
poses a hardwaragnostic joint space mapping that stan-
dardizes joint representations across embodiments, enabli
a consistent robot control interface. Following this idea, we
de ne a canonical joint dimension M ,x = 32, where

ith physics-consistent morphological randomization and
iversal representation of structurally distinct robots, we
proceed to develop a training strategy for a cross-humanoid
each index corresponds to a semantically aligned joint irgontrol pol_lcy. We formulate the prc_>b|em asa reln_force-
ment learning task de ned over a family of morphologically

a globally de ned ordering. For any humanoid robot, its . . |
joints are embedded into this canonical space according tglverse robotk K . Each robot instandeis modeled as

their kinematic roles and semantic identities. Formally, for? Partially Observable Markov Decision Process (POMDP):
a}robot instgnce WithN, Nmaquints and their con gura- P = (Sc: Ok Ak Ri: )
tionq, 2 R™r, we de ne a mapping
whereS,, O andAy denote the state, observation, and
action subspaces of roblotrepresented in a universal space.
such that the canonical joint staigobal is constructed as: Ry is the reward function, and is the discount factor.

_ The learning objective is to optimize a single policy that
q¥);  if physical jointj maps to global joint; maximizes the expected return over all embodiments:
0; otherwise " H

(10) hxt . I

The resultingigional 2 RN ™ is a zero-padded, canonical ~ M3X Exk E. (ko Ne(secsak) = (12)
representation shared across all embodiments. By enforcing t=0
semantic alignment at the joint level, the control policy re- i ) .
ceives xed-dimensional inputs regardless of morphologicalOPservation.  Following (Xue et al., 2025), the policy
variations or differences in actuation. The global joint index©PServatioro, at timestei consists of a ve-step history of
de nition is provided in Table 8. proprioceptiorof ., a joint controllability indicatot (t)
and a whole-body command vectgr The proprioception
observatiorof is de ned as:

r :RNr | RNmax -

Qglobali] =

Graph-based morphology description. The uni ed rep-
resentation above naturally supports constructing a graph- p
based description of each robot's morphology. Each em- O
bodiment represented lmona Can be converted to a di- where! , 2 R3 is base angular velocitg, 2 R? is base
rected kinematic graphG = (V; E), where the vertex set gravity directiong 2 R andg 2 R3? are joint positions
V= (vi; Vi1 v;) corresponds to joints, and the edge setyng velocities respectively, amg 1 2 R3? is the previous

E=fe =(Vi;vj)jvi;y 2Vg V V action. The binary indicatdr(t) spe(_:i es which joints are

controllable. The command vectaris de ned as:

U oos as as a1l

captures rigid-body connections, where each egjgen-

codes the linkage between jomtandy, . The adjacency & » [?’tx_‘féﬂg t?pt?{;i g §?| Gt {12'2? 6 Stania;
matrix A 2 f 0;1gNmx Nma s constructed fronE and velocity posture gait
encodes the overall connectivity of the embodiment: (13)

where thev}; v/ andw? are the target base velocity, is
1, if (vi;v) 2 E; (11) the target base heighg, is the target pelvis angley, ! and
0: otherwise { stand for the waist yaw, pitch and roll rotations, and the

remaining terms control gait parameters. We further incor-
Humanoid robots often adopt parallel-linkage mechanismgorate an upper-body intervention training scheme to control
which complicate graph construction. To address this, wehe arm joints for achieving whole-body loco-manipulation
collapse all nodes involved in a parallel linkage and connectasks. An intervention indicator functidift) = f0; 1g is
them directly to the preceding joint in the articulation. For introduced to denote whether an external upper-body con-
instance, ankle joints are treated as immediate children dfoller is active. Wher(t) = 1, the upper body is driven
the knee joint in the resulting graph. The nal gra@tor by an external controller (e.g., teleoperation signals), while
each robot is connected and acyclic, forming a kinematiche policy still observes these states and adapts lower-body
tree whose vertices may represent either actuated or xeflehavior for balance. Whelt) = 0, the upper body is
joints. This structure is expressive enough to encode diverseontrolled by our whole-body controller. This command
kinematic and actuation patterns, as well as morphologicadpace ensures exible whole-body control for versatile lo-
information for general control. Figure 2 (b) illustrates the comotion (Xue et al., 2025). To incorporate the structural
mapping from the joint-level description to its correspond-information encoded by the robot's graph description, we
ing adjacency matrix. explore two encoder architectures: Graph Convolutional

(A)y =
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Table 1.Average command tracking errors and survival rates aggregated across all robot$Ve compareXHugWBG@vith specialist
(HugWBC (Xue et al., 2025)) denoting the upper-bound performance, which is trained and evaluated on speci ¢ robots separately.

Survival Task Commands Behavior Commands
Esun (%) | Ey, (M=3) Ey, (M=s) E: (rad=s) | En(m) Ep(rad) E , (rad) E ,(rad) E (rad)
Specialists (Xue et al. (20251) 100 ‘ 0.060( o0:023) 0.079( 0:030) 0.121¢( 0.057) | 0.044( 0.022) 0.138 0.062( 0:041) 0.037( 0:026) 0.048( 0:025)
Generalist XHugWBEL 100 0.084( 0042y 0.116( 0022) 0.160( 0:021) | 0.044( 0023y 0.097 0.043( 0028y 0.052( 0:027) 0.049( 0:008)

Networks (GCN) (Kipf & Welling, 2017) and Transform- Critic structure.  The critic network mirrors the actor but
ers (Vaswani et al., 2017). These encoders model kinematiomits the state estimator. Its detokenizer outputs a value
neighborhoods and produce node features that capture tlestimate for each joint node, and the nal value is computed
topology of embodied motion. by averaging across node-wise estimates. During training,
the critic additionally receives privileged observations that
GCN policy encoder. To model each robot's structure, &€ unavailable on physical hardware, including pelvis and
we employ a Graph Convolutional Network (GCN) (Kipf {0rso linear velocities, torso height, link-collision pairs, and
& Welling, 2017) as a relational encoder. It operates orth€ robot's morphological parameters, to ensure stable and
the node featureX of the robot's connection graph (see accurate value estimation.
Appendix A.3 for details). We stack multiple GCN layers to Fyrther architectural details for both the policy and critic

progressively aggregate information from local kinematichetworks are provided in Appendix A.3.
neighborhoods to higher-order relational contexts, produc-

ing structure-aware node features. .
4. Experiments

Transformer policy encoder. Transformers provide an We conduct comprehensive evaluationsXtiugWBdn
alternative means for modeling robot structure via sequencdoth simulation and the real-world environments, guided by
based attention. The input consists of node embeddingée following research questions:

augmented with positional encodings:

RQ1. How well doesxHugWBG@eneralize to previously
Xpos= X + W pos; (14) unseen embodiments?

whereW pos 2 RNmx D gre the learned positional embed- RQ2. How well can the generalist policy serve as an initial-
dings. To exploit kinematic structure, we adopt a topology- ization for ne-tuning on each robot?

aware hybrid-mask strategy: the rst layer applies masked .
attention according to the graph, while subsequent layers us@Q@3: How does the proposed framework compare with
unmasked self-attention for global information exchange. cross-embodiment baselines?

Th|s prqduces topology-gware .attentlon patterns, enablm&QA Which policy architecture is more effective for build-
integration of both local kinematic structure and global coor- ing a generalist humanoid controller?

dination. Additional details are provided in Appendix A.3. '

RQ5. How does robot performance differ between simula-
State estimator. To mitigate partial observability on real tion and real-world deployment?
robots, we concurrently train a state estimator to reconstruct
privileged information such as base linear velocity and base, 1. Evaluation on Unseen Robots
height. The estimator is optimized via supervised regres-
sion, and its outputs serve as the reconstructed privilegedior RQ1, we evaluate how the generalist policy learned

information used by the actor detokenizer. This supervisey XHugWB(erforms on unseen embodiments. Table 1
objective is jointly optimized with the RL loss. summarizes results across 12 robots excluded from training,

compared with specialist policies trained on each robot.

Action prediction. The node features produced by the Table 7 provides detailed per-robot results.

encoders are concatenated with a global vegt@nd the  The generalist policy demonstrates strong zero-shot gener-
reconstructed privileged information from the learned statalization across diverse humanoid robots with substantial
estimator. This fused representation is fed into linear layersariations in kinematics, dynamics, and morphology. All
to generate per-node joint actions. These node-wise actionmsbots evaluated achieve a 100% survival rate and maintain
are then aggregated into a global action vector and mappetbnsistently high command-tracking accuracy, without ex-
back to the robot's physical joints through an embodimenthibiting bias toward any speci ¢ system. While specialist
speci ¢ inverse mapping function ifv,) : RN==x 1 RNr_ policies remain an upper bound for each individual robot,
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Figure 3. Comparing training curves of the ne-tuned policies with the generalist policy and specialist policies.

Figure 5. Zero-shot survival rate comparison across multiple
baselines All policies are trained under the same training protocol.
Naive Random is trained on data generated by the naive morpho-
logical randomization method, whereéslugWBCMetaMorph,

and MorAL are trained using randomization in Sec. 3.1.

4.2. Fine-tuning the Generalist Policy

Figure 4.t-SNE visualization of transformer latent representa- Toi tinate RO2 duct bot tuni
tion. “-DoF” denotes the number of waist joints DoFs. The arrow 10 Investigate RQ2, we conduct per-robot ne-tuning exper-

() indicates the direction of increasing robot mass. iments by reusing the learned weights. Figure 3 compares

XHugWBGchieves comparable performances across en’ibe trai_ning curves of i) g-er?eralis-t polic}(lﬂquBQ} i)
embodiment-speci ¢ specialist policies ((Xue et al., 2025)),

bodiments, with expected trade-offs due to lack of system

speci c priors. Nevertheless, the generalist provides a pomffmd lii) the ne-tuned generalist policies (Generalist-FT)

erful pretrained initialization, as discussed in Section 4.2. across 12 embod|m_ents. At convergence, the gengrallst pol-
icy reaches approximately 85% of the return achieved by

L ) R the specialist. A temporary drop in performance is observed
Qualitative Analysis. To gain insightinto hoWwKHUGWBC  §ring training, which arises from the curriculum schedule
works, we visualize the latent representations produced by, -+ progressively increases task dif culty.

the trained transformer before detokenization. Figure 4

shows the t-SNE visualization of the latent vectors. Here©On the other hand, ne-tuning the generalist policy yields
we denote the ordering of the humanoid hip joints, such asigni cantly higher sample ef ciency than training from
Roll, Pitch, andY aw, asR-P-Y, with other con gurations ~ Scratch, and converges substantially faster than the other
de ned similarly. The results indicates that the structure of2pproaches, and the generalist rollouts show an approximate
robot shapes the embedded latent distribution: robots with0% improvement in return compared to specialist ones.
similar h|p.Jo|nt arrangements cluster C|Ose|y together_ These results indicate that the learned representations of the

. eneralist are highly adaptable, serving as a strong initializa-
The number of waist DoFs further modulates the embqu-

. : Hie R ion for ef cient specialization while retaining the potential
ding. For example, among robots with tReP-Y hip joint ¢4 high-performance control across diverse robots. Table 7
con guration, the robot in (with tex0-DoF) has

o reports the tracking errors for all three policies, showing
no actuated waist joints and appears near the center of the, - cictant ndings.

upper-right ring-shaped cluster. Robots with a single waist
DoFs ( , with text-DoF) form an outer ring, with
lighter robots positioned slightly inward (shownh In

contrast, robots with three waist DoFs (red and purple, withFor RQ3, Figure 5 also compar&slugWB@vith two cross-
text 3-DoF) lie along the outermost boundary. embodiment trainingpaselinesMetaMorph (Gupta et al.,

4.3. Comparing Cross-Embodiment Baselines






