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Fig. 1.  Overview of ANY2ANY. A pretrained whole-body tracker is
transferred between humanoid embodiments through kinematic alignment
and localized dynamics adaptation.

Abstract— Whole-body tracking (WBT) models have become
a key foundation for humanoid robots, enabling them to imitate
diverse motions with high fidelity. Training such models from
scratch requires large-scale data and computation, making
rapid deployment on new humanoid platforms costly. This
raises a natural question: Can pretrained WBT models transfer
across embodiments with minimal adaptation? To answer this
question, we propose ANY2ANY (Fig. 1), a paradigm that effi-
ciently transfers an existing robot-specific WBT policy to a new
humanoid embodiment with only a small amount of data and
compute. Any2Any first performs kinematic alignment between
source and target humanoids, aligning their input and output
spaces so that the pretrained source policy can be meaningfully
reused on the target embodiment. Any2Any then performs
dynamics adaptation, inserting lightweight parameter-efficient
fine-tuning (PEFT) components into only the most dynamics-
sensitive modules to preserve the source policy’s behavioral pri-
ors while correcting for the target robot. Extensive experiments
on multiple humanoid platforms and pretrained backbones
show that Any2Any substantially accelerates convergence and
reduces training cost compared with training from scratch,
while achieving competitive or superior tracking performance.
Notably, Any2Any successfully transfers Sonic models pre-
trained on Unitree G1 to LimX Oli and LimX Luna, among
others, with Sonic-to-Oli adaptation using approximately 90
GPU-hours, about 1% of Sonic’s reported 9,000 GPU-hours
of source pretraining. These results suggest that pretrained
robot-specific WBT policies can be efficiently reused across
embodiments, providing a path toward a humanoid System 0:
a reusable low-level whole-body controller. Code, results, and
videos are available on our project page: https://any2any.
top/.

I. INTRODUCTION

Behavior foundation models (BFMs) [1], [2] aim to learn
reusable motor skills and behavioral priors from large-scale
behavior data for downstream adaptation [3], [4]. For hu-
manoids, whole-body tracking (WBT) [5], [6] reproduces

diverse full-body reference motions while coordinating legs,
torso, arms, and head to maintain balance, and can serve as
a motor prior for teleoperation [7], [8], motion imitation [9],
[10], and loco-manipulation.

TWIST [8] and GMT [9] extend WBT motion coverage
through reinforcement learning, behavior cloning, teacher-
student training, adaptive sampling, and mixture-of-experts
designs. SONIC [10] treats tracking as a scalable foundation
task, growing policy capacity from 1.2M to 42M param-
eters with over 100M motion frames and 9k GPU hours.
HoloMotion [11] trains a whole-body foundation model on
extensive motion data; OmniXtreme [12] extends tracking
to high-dynamic, extreme motions while retaining fidelity
as libraries grow. These advances require large-scale motion
data, massively parallel simulation, and substantial com-
pute. Beyond training cost, embodiment dependence [13],
[14] remains a fundamental limitation of current large-
scale WBT policies. Such policies are tightly coupled to
the source robot’s morphology and actuator configuration.
Consequently, even between similar humanoids, structural
and dynamic differences make direct deployment unreli-
able, while full-policy fine-tuning tends to overwrite the
source behavioral prior. Existing cross-embodiment methods
mainly address this issue by training universal controllers
over many embodiments with morphology randomization
or multi-embodiment data [14]-[16], or by scaling robot
foundation models with embodiment-aware representations,
unified action spaces, post-training, or expert routing [17]—
[19]. However, these approaches typically require large-scale
multi-embodiment datasets, broad morphology randomiza-
tion, or expensive large-scale pretraining from scratch, and
they mostly address locomotion or manipulation rather than
high-fidelity whole-body tracking. In contrast, we study a
complementary post-training problem: given a pretrained
robot-specific WBT policy, can we efficiently adapt it to
another humanoid with limited data and compute?

Humanoid control commonly separates kinematic refer-
ence planning from dynamics-aware tracking [20], [21].
Cross-embodiment transfer must likewise resolve kinematic
interface incompatibility and adapt to dynamics differences
that remain after alignment. This division also appears in
two-stream WBT architectures [8], [10]: reference-motion
encoders emphasize transferable kinematic representations,
whereas action decoders depend more on embodiment-
specific dynamics. We thus hypothesize that motor priors
such as balance and inter-limb coordination may transfer
across embodiments, while embodiment-sensitive modules
require adaptation. We therefore insert lightweight PEFT
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Fig. 2. ANY2ANY: kinematic alignment reconciles target observations and source-policy actions; localized dynamics adaptation specializes a
frozen pretrained WBT backbone.

components [22], [23], such as LoRA [24] and adapters [25tpward a reusable motor interface [10]. These policies nev-
only into these modules, freezing the remaining parameteestheless remain tied to robot-speci ¢ observations, actions,
to preserve the source prior. We ask how to resolve kinematmd dynamics. ANY2ANY asks how an existing specialist's
mismatch and which localized module updates enable targabtion prior can be reused on another humanoid, preserving
adaptation without destroying the source prior. We propogée value of source pretraining while adapting to the target's
ANY2ANY, a parameter-ef cient cross-embodiment WBT structural and dynamical differences.
post-training framework combining kinematic alignment and  b) Cross-Embodiment Robot Learning.:  Multi-
dynamics adaptation. Our contributions are threefold: embodiment  controllers share control  knowledge
1) We demonstrate that humanoid WBT policies prethrough morphology randomization [15], topology-
trained on a single source robot can be effectivelpware architectures [31], unied interfaces [16], or
transferred to other humanoid embodiments througfesidual adaptation [14]. Robot foundation models further
principled handling of the kinematic and dynamicsexploit multi-robot datasets [32], [33], embodiment-
mismatches. To the best of our knowledge, this coraware architectures [17], and uni ed representations with
stitutes the rst systematic study of cross-embodimengxpert routing [18], [19]. Such approaches typically build
transfer for humanoid WBT. generalists using broad robot coverage and substantial
2) We propose ANY2ANY, a cross-embodiment postpretraining. Our primary setting adapts an already-trained,
training framework for humanoid WBT that decom-robot-specic WBT policy to a new humanoid under a
poses transfer into two stages: kinematic alignmeniimited target-side budget. Section V further evaluates
which uni es source and target policy interfaces, anddlignment during multi-robot pretraining and subsequent
dynamics adaptation, which adapts only the dynamicsadaptation to an excluded embodiment.
sensitive modules while freezing the rest of the pre- c¢) Parameter-Ef cient Fine-tuning for Robotics.:
trained backbone. Adapters, pre x tuning, and LoRA specialize frozen back-
3) We validate Any2Any on six source-target transfebones through small trainable components [23]-[25], with
pairs spanning two pretrained WBT policy families andgrowing applications to robotic foundation models [34],
four humanoid platforms, including Sonic-to-Oli adap-[35]. For closed-loop WBT, however, parameter updates
tation at approximately 1% of Sonic's original source-alter actions and thereby the subsequent contact, balance,
pretraining compute, and deploy the adapted policiesnd observation distributions. This makes both adaptation
on real hardware across multiple downstream taskgechanism and placement consequential. We compare PEFT
We further demonstrate aligned eight-robot WBT premechanisms and injection scopes to identify which compo-
training and adaptation to Oli, excluded from thatnents require target-speci c correction and which pretrained
pretraining set. motion representations can remain frozen during cross-
embodiment transfer.
Il. RELATED WORK
a) Humanoid Whole-Body Tracking.: Whole-body [1l. METHOD
tracking has developed from reference-motion imitation [26] S .
[27] to real-humanoid teleoperation, general tracking, ané' Transfer Objective and Policy Backbones
long-horizon control [8], [9], [28]. Recent systems extend With aligned interfaces and frozen source weights
motion coverage, balance, and dynamic capabilities [12ANY2ANY learns 1, with j 1] | sj. The policy

[29], [30], while Sonic scales policy capacity and motiondatat = , , uses to insert trainable components.



Proximal Policy Optimization (PPO) maximizes b) Parallel-mechanism conversion: For joints with par-
2

3 allel actuation, such as the ankles and waist of some hu-
4%" N manoids, we use a calibrated linear approximation between
maTx E. r(sta)?; @) equivalent serial-joint and motor coordinates. For the two-

=0 motor pitch—roll pairs considered here, serial coordinates

where r is the tracking reward, the discount factor, andP; ) and motor coordinates (A;B) are related by
Tep the episode horizon. The actor predicts joint-position
offsets from reference motion and proprioceptive history:
base angular velocity, projected gravity, joint positions an@he nonzero coef cients; ¢, are obtained by least-squares
velocities, and previous actions. The critic estimates statd#ing to joint scans for each mechanism; s 2 f1;+1g

values using additional base velocity, contact forces, aratcounts for mirrored roll conventions. The motor-to-serial

A=cpp+sc ; B=cpp sc:: 3)

body mass distribution, available only during training. block for each coupled pair b is
We use three backbones. Our MLP and Transformer poli- 1 ¢l 1
cies are pretrained on Oli and collectively termed OIi-WBT. Jb P % : 4

. ) ) . T2 s¢t osc/t
Oli-WBT (MLP). For proprioceptive/reference dimen- 2 sG '

sions @;d;, the MLP attens H + 1 timesteps into  The full tted matrix J, 2 RTT places each y) at
(H+1)d p+d,) inputs for L layers with GELU activa- the corresponding paired indices in the source layout, with
tions. identity on all remaining coordinates. Its inverse usg?fs at
Oli-WBT (Transformer). Each modality is embedded in the same indices, recovering the serial-to-motor relation in
d dimensions; N causal Transformer decoder blocks mod€&lg. 3. Interfaces already exposing serial coordinates retain
temporal dependencies, and the current-timestep represétentity blocks. The complete interface maps are
tation predicts the action. Both Oli-WBT critics use the 1 e, s 1,
corresponding backbone with privileged inputs. r =JD S r =S¢ Drd ®)
Sonic. Pretrained on G1, Sonic [10] combines a Robdjpint-structured observations, reference features, and action
Motion Encher and nite s_calar quant?zation (FSQ) bottl_ehistory useg, = ,(,; source-space actions return through
neck for. motion encoding with a dynamics decoder for actiog, = *+a. For invertible D;J;, | ; = S>S, masks
generation. unmatched joints, equalingy] only when all target joints
] S are matched. Alignment unies policy interfaces without
B. Kinematic Alignment exact kinematic equivalence or recovering missing DOF;
Alignment has two levels (Fig. 2): observation-layoutsubsequent adaptation can compensate for residual alignment
alignment reorders base states, reference features, progiirors and dynamics differences.
oception, and action history into the source convention; . .
joint-level alignment handles joint correspondence, inclined” Dynamics Adaptation
hips, and parallel mechanisms, returning actions in target After alignment, dynamics still differ. For the same refer-
coordinates. ence motion in aligned joint coordinates g, the target-minus-
a) Joint correspondence and coordinate conversion; source rigid-body force residual is
For a target with N joints and a source with T joints, a e — . .
partial injection , : fO;:::;N, 1g * f0;:::;T 1g @ gia)= M{@m+ C(a: @) a+ Gy (6)
de nes a sparse matrix,S2 f0;1g™ N r through (S); = Here M=M 1 M s, with analogous de nitions for C
1[ () = i]. Correspondence follows joint semantics: (i) and G. The terms M, C, and G denote inertia, Corio-
shared joints use one-to-one mappings with unit coef cientdis/centrifugal coupling, and gravity loading; actuation, fric-
(i) source-only joints receive zero-padded inputs, and thetion, and contact add residuals. Per-link inertial differences
predicted actions are discarded; (iii) target-only joints are excale with link count rather than backbone size, motivating
cluded from source inputs and held at their default positiorss compact correction for related humanoids. This does not
with zero action offsets. The source network's dimensiongrove low rank in weight space; LoRA learns through closed-
remain unchanged. These rules de ne joint correspondendepp tracking returns, without torque-residual supervision.
inclined axes and closed-chain coupling additionally require For an adapted linear layer, LORA [24] learns
the coordinate conversions below.

0_ _ Kd - dout K -
The hip-convention matrix P 2 RTT is the identity WI=W+BA A2ZR ' B2R - O

except for its left/right hip blocks, Training only A; B adds k(g +d o) parameters per layer
cos 0 while sharing the frozen W; the total depends on rank and
Hi-r = sin 1 (2) injection scope. Oli-WBT adapts the actor backbone, propri-

oception and action-output projections, and critic backbone,
where is the hip-axis inclination difference between theretaining the reference projection. Sonic adapts its dynamics
target and source robots; the signs account for mirroragkcoder and critic while freezing the Robot Motion Encoder
left/right axes. and FSQ bottleneck.



Proprioceptive processing interprets target feedback a@MOMO manipulation-motion clips [42] and LAFAN lo-
action history; the action decoder generates commands foomotion clips [43], excluding near-ground, crawling, and
target dynamics. The frozen reference projection or motiocorrupted retargeting. Ablations compare full ne-tuning
encoder reuses motion features, while critic adaptation supdth/without alignment and aligned LoRA, Adapter, and
ports target-speci ¢ value estimation. Our choice of LORA isPre x-Tuning. PPO in Isaac Lab retains source interfaces,
supported by the cost—performance comparison in Table IVewards, hyperparameters, motion sampling, and domain ran-
while the injection-scope ablation in Fig. 7 supports thelomization. Comparisons share architectures, environments,
selected con guration for the Oli-WBT Transformer. retargeting, target budgets, and iteration counts; the compute
sweep varies GPU count at xed iterations.

c) Metrics: Training curves report rewards; MuJoCo

Target PPO rollouts use aligned observation layouts angajuation reports clip completion (%) and tracking errors
source-coordinate joint-structured reference, proprioceptivg;ame I1). For both policy families, mean per-joint position
and history features. The actor predicts source-space joiror (MPJPE, mm) averages Euclidean distances over all
position offsets, which the reverse map converts into targebrresponding robot/reference bodies in their respective root
commands. Target transitions and rewards update only thames. Base position is the world-frame XYZ Euclidean
inserted actor and critic LORA factors; source weights anglistance between roots (cm). Base orientation is the full
alignment remain xed. Deployment uses the same actor angiation angle 2 arccos(juvj) for unit root quaternions u; v,
mappings, without privileged observations or the critic.  converted to degrees. A clip fails when absolute root or any

IV. EXPERIMENTS of the four end-effector height errors exceed 0.25 or 0.30m,

. respectively, or squared root rotation-angle error exceeds
A. Experimental Setup 1r a%z y q 9

a) Robots and source policies: The four humanoids
span 19-31 body DoF and serial/parallel mechanisms (TB- Cross-Embodiment Transfer
ble |), G1 excludes hand DoF, and dimensions are nominal a) Sonic transfers: ANY2ANY converges faster with
manufacturer values. Oli/Luna hip inclinations are 230 ;  higher nal reward across Oli/Luna/H1 (Fig. 3, left), out-
G1/H1 hip axes are orthogonal. Oli's low-level interfaceperforming Scratch in success, MPJPE, and base-orientation
resolves parallel ankle/waist mappings into serial WBT coofzccuracy in all six held-out conditions (Table Ii(a)). On
dinates, whereas Luna requires the parallel-mechanism c@jti/L AFAN, success rises from 83.1% to 93.1% and MPJPE
rection. Luna's tted (g;c ) are (1:0028;0:4885) for both drops 28.1% (56.5 to 40.6 mm). Base position improves
ankles (s = +1= 1 for left/right) and (1:0027;0:8808)  except on H1.
for the waist (s = +1). b) Oli-WBT transfers: Table li(b) reports Oli-WBT
Transformer results. ANY2ANY also accelerates Oli-WBT
convergence with comparable or higher nal reward (Fig. 3,
right). It reduces base-position/orientation errors in all

D. Adaptation Procedure

TABLE |
BENCHMARK ROBOT SPECIFICATIONS [36]—[39].

Robot DoF WBT model Height Mass SIX conditions and MPJPE in ve (Table li(b)). On

ol n Sorial Tesm 55kg Luna/_OMOMO, these bage errors fall by 12.5%/24.2%, re-
Luna 27 Parallel 1.60m sakg Spectively. Small completion-rate and Luna/LAFAN MPJPE
G1 29 Serial 1.32m 35kg trade-offs accompany these broad gains, supporting faster
H1 19 Serial 1.80m 47kg  adaptation and better overall tracking. Oli's actuation limits

restrict its WBT policy's reliable motion repertoire, poten-
Oli-WBT uses MLP/Transformer policies pretrained ortially contributing to larger tracking errors on more dynamic
Oli with over 500 motion hours; Sonic [10] is pretrainedLAFAN motions after transfer.
on G1. We transfer Oli-WBT to Luna/G1/H1 and Sonic to
Oli/Luna/H1, using four ALOO GPUs for about 22.5 hours orf>- Real-World Deployment
average (90 GPU-hours) per target adaptation. LoRA ranks The original Sonic policy on physical G1 and adapted
are k = 32 for Oli-WBT and k = 64 for Sonic. ANY2ANY on physical Oli both complete the same 15 mo-
b) Data, training, and baselines: Our evaluation ad-+ions (Fig. 4). Their real-world MPJPEs are close: 30.06 and
dresses two complementary questions: whether reusing33.96 mm, respectively (Table Ill), indicating comparable
pretrained WBT policy improves cross-embodiment learningositional tracking accuracy on these motions.
relative to training from scratch, and which adaptation design ,
offers a favorable balance of tracking performance anf: Data and Compute Ef ciency
training cost. We address the rst through six source—target At xed iterations, ANY2ANY outperforms Scratch in
transfers comparing ANY2ANY with Scratch, and the secontield-out success and MPJPE at all tested AMASS fractions
through adaptation-mechanism and injection-scope ablatio(®5/50/100%; Fig. 5, left), although individual metrics are
on Oli-WBT-to-Luna. not monotonic with data size.
AMASS [40] adaptation motions are retargeted by Gen- We compare held-out quality at matched target-side bud-
eral Motion Retargeting [41]. Held-out evaluation uses 50Qets of 20/60/90 GPU-hours (GPU count  wall-clock



TABLE I
CROSS-EMBODIMENT TRACKING RESULTS.

(a) Sonic (G1) OMOMO
Target Policy Success " MPJPE # Base pos. # Base ori. #
(%) (mm) (cm) ()
oli Scratch 96.6 52.8 30.51 7.0
Any2Any 99.6 43.2 26.53 5.9
Luna Scratch 74.4 116.4 43.15 14.5
Any2Any 80.8 104.0 39.95 10.7
H1 Scratch 67.2 59.0 36.82 7.9
Any2Any 77.6 55.2 39.63 7.4
LAFAN
Oli Scratch 83.1 56.5 69.67 7.3
Any2Any 93.1 40.6 55.17 5.6
Luna Scratch 88.1 96.5 77.02 11.8
Any2Any 91.9 80.4 62.87 8.5
H1 Scratch 72.0 56.3 81.48 7.6
Any2Any 85.4 48.9 83.22 6.6
(b) Oli-WBT (Oli) OMOMO
Target Policy Success " MPJPE # Base pos. # Base ori. #
(%) (mm) (cm) ()
Luna Scratch 99.78 59.68 48.68 21.11
Any2Any 98.66 54.12 42.61 16.00
c1 Scratch 99.60 66.99 47.27 27.57
Any2Any 99.40 60.92 40.80 22.29
H1 Scratch 90.08 68.19 53.76 27.38
Any2Any 94.62 64.98 50.17 26.85
LAFAN
Luna Scratch 98.83 66.11 85.79 27.44
Any2Any 98.83 67.14 78.19 24.42
Gl Scratch 80.77 84.67 100.59 35.81
Any2Any 83.44 74.26 98.67 34.86
H1 Scratch 88.22 80.97 102.49 3516 _ _ _ _
Any2Any 90.46 78.03 99.34 34.80 Fig. 3. Cross-embodiment transfer with Sonic (left) and OIli-WBT

Transformer (right). Training curves compare total reward for Sonic and
normalized joint-position tracking reward for Oli-WBT against Scratch;
snapshots show simulated rollouts on each target.

hours), using one/two/four A100 GPUs for 8,000 iterations

(Fig. 5, right). ANY2ANY achieves higher success and lower TABLE IV
MPJPE than Scratch within each budget. With xed environ- ALIGNED ANY2ANY VARIANTS ON OLI-WBT-TO-LUNA.
ments per GPU, more GPUs yield more transitions despite
equal iterations. The 90/9,000 GPU-hour ratio compares Training cost and reward MuJoCo evaluation
target adaptation with Sonic source pretraining [10]; it doe,\s/letho 4 Trainable IterationJoint " Total " MPJPEBase posBase ori.
not measure equal-performance speedup over Scratch. (%) #time (s) #rewardreward(mm) # (cm)# () #
. . Any2Any@
E. Ablation Studies Full FT 10000 838 043 19.04 3676 4105 18.67

For Oli-WBT-to-Luna, we ablate alignment and adaptaf”éiAny@

tion with MLP and Transformer backbones, and injection
locations with Transformer.
a) Alignment and adaptation mechanism: Alignment

improves full ne-tuning (Fig. 6, left). Table IV compares b) Injection locations: Table V de nes all nine scopes
Any2Any@Full FT and Any2Any@LORA, two implemen- in Fig. 7. Backbone denotes the main actor/critic network.
tations under identical alignment. LORA reduces trainablBoth actor and critic have input and output projections. Actor
parameters, PPO iteration time (collection plus learning), aridputs are split into Ref. (reference) and Prop. (proprio-
MuJoCo errors on the same 15 real-world motions (Sec. I\¢éeption); the critic input is labeled Input. Output produces
C). We adopt LoRA to lower training cost while limiting actions for the actor and state values for the critic. Checks
changes to pretrained dynamics priors. Adapter is slowenark adapted modules; unmarked modules are frozen. S7
with lower rewards; Pre x-Tuning is less stable (Fig. 6,gives the best observed trade-off by adapting proprioception,
right). action output, and actor/critic backbones while retaining

5.26 7.60 054 23.86 33.44 31.66 16.53
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