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Figure 1: Our Behavior Foundation Model enables versatile humanoid behaviors across a broad spectrum
of tasks, including dexterous manipulation, natural and agile locomotion and whole-body coordinated loco-
manipulation, which highlights its potential as a foundation for general-purpose humanoid control.
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Abstract

Humanoid control requires natural whole-body coordination, precise real-time responses to control
signals, and robust generalization across diverse environmental contexts, making it a cornerstone
for generalist embodied agents. Behavior Foundation Models (BFMs) have recently emerged as a
promising solution to address these challenges by leveraging large-scale behavioral data to achieve
superior expressiveness, versatility and generalization. However, despite growing interest in scaling
BFMs to further improve their capabilities, it remains unclear how key factors, including the learning
paradigm, behavioral data and model architecture should be coordinated to enable effective scaling.
In this work, we revisit the scaling recipe for BFMs and demonstrate that substantial performance
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gains can be achieved through the coordination of three core components: 1) the learning paradigm
of motion tracking that reformulates diverse humanoid control problems as the reproduction of
integrated whole-body behaviors in the global frame; 2) the strategic synergy between on-policy
rollout quantity and reference motion diversity; and 3) the expressive and scalable model architec-
ture termed Humanoid Transformer that facilitates the natural emergence of structured behavioral
representations. Through extensive experiments in both simulation and real-world deployment, we
demonstrate that our approach yields significant improvements in control fidelity and task gener-
alization, reducing Mean Per-Keypoint Position Error (MPKPE) on the test set by over 10% in local
mode and 82% in global mode compared with existing humanoid controllers. These results establish
BFM as a principled and effective foundation for scalable and general-purpose humanoid control.

1 Introduction

Humanoid robots are increasingly viewed as a promising general-purpose embodiment for operating in
human-centric environments, owing to their rich actuation, human-like morphology and natural com-
patibility with daily infrastructures designed for humans. Realizing this potential, however, depends on
effective whole-body control that requires the coordinated regulation of numerous degrees of freedom
to achieve natural, responsive and robust behaviors across multiple tasks and environmental contexts.

Recent years have witnessed substantial progress in humanoid whole-body control, enabling impres-
sive capabilities across diverse motor skills [1, 2, 3, 4, 5]. Nevertheless, these systems remain largely
task-specific, often relying on extensive reward engineering tailored to individual tasks and contextual
settings. This specialization limits their versatility and hinders generalization across diverse scenarios.

To address these limitations, recent research has identified behavior as a shared objective across mul-
tiple whole-body control tasks [6] and introduced Behavior Foundation Models (BFMs), large-scale
pretrained humanoid foundation controllers capable of robust and versatile humanoid control in re-
sponse to diverse behavior specifications [7, 8, 9, 10, 11]. By decoupling underlying behaviors from
task-specific control modes, BFMs represent a paradigm shift from isolated task learning toward holistic
behavior learning. In this work, we focus on a special line of BFMs that incorporate an explicit control
interface [6, 7, 11]. This design not only enables direct responses to behavioral specifications at de-
ployment, but also promotes the emergence of structured latent representations that organize explicit
behavioral intentions within a coherent latent space. Such reusable behavioral representations facilitate
strong generalization across diverse specifications and efficient adaptation to downstream applications.

Inspired by the success of foundation models in other domains [12, 13, 14], a natural question arises:
Can behavior foundation models for humanoid robots be effectively scaled to further enhance their capabil-
ities? Recent studies have taken initial steps toward scaling BFMs [11]. However, these efforts remain
fragmented, offering only preliminary conclusions while leaving concrete design principles for effective
scaling largely unexplored. To bridge this gap, we revisit current BFM pretraining pipelines and develop
a principled scaling recipe that coordinates multiple factors, including a unified and efficient learning
paradigm, large-scale and diverse behavioral data, and an expressive yet scalable model architecture.

Our framework identifies motion tracking [15] as a unified and scalable paradigm which reformulates di-
verse humanoid control problems as the imitation of reference motions, thereby providing dense whole-
body guidance for efficient behavior learning. While sharing a similar vision with prior work [9, 11, 16],
we adopt a distinct training recipe that requires the robot to reproduce reference motions as integrated

2



whole-body trajectories in the global frame. This design not only mitigates the behavioral ambiguity
caused by ignoring root translation, under which behaviors such as walking forward and marching in
place may become indistinguishable despite reflecting different behavioral intentions. It also avoids de-
coupling global root evolution from local pose tracking, allowing deviations in root motion to propagate
to the entire body and hence providing stronger guidance for behavior learning. Notably, this formula-
tion preserves flexibility in behavioral specification: the same BFM can support both global control with
root localization and local control by re-anchoring the control signals to the robot’s current root state.

Under this learning paradigm, we argue that scaling BFMs is fundamentally driven by the non-trivial
interplay between the quantity and diversity of training data. We instantiate motion tracking with Prox-
imal Policy Optimization (PPO) [17], given its mature ecosystem in humanoid control, while noting that
alternative algorithms have also shown promising results [18, 19]. Existing studies often equate train-
ing data scaling with increasing the number of reference motions. However, under the PPO framework,
effective training data are the on-policy rollouts collected through environment interaction. Therefore,
data quantity is more directly governed by factors such as the number of parallel environments and the
rollout horizon, whereas increasing the number of reference motions primarily shapes the behavioral
distribution and enriches its diversity when properly curated. We thus posit that data scaling for BFM
pretraining emerges from the synergy between quantity and diversity: quantity is obtained by scaling
on-policy data collection, while diversity is achieved by expanding the reference motion corpus.

Finally, we emphasize that an expressive and scalable model architecture is essential for scaling BFMs.
While existing works primarily adopt MLPs as the backbone, and recent studies have shown that scaling
MLPs can improve performance [11], we investigate whether more expressive architectures exhibit
stronger scaling behavior. Beyond architectural design, we further examine whether structured latent
representations of behavioral intentions can naturally emerge without relying on auxiliary objectives
that may encode human priors. Such representations could facilitate the flexible utilization and efficient
transfer of behavioral knowledge learned by BFMs, thereby supporting diverse downstream applications.

Overall, this paper presents a systematic investigation into the scaling behavior of BFMs by revisiting
three key ingredients of the scaling recipe: the learning paradigm, behavioral data, and model architec-
ture. Through comprehensive experiments in both simulation and real-world deployment, we validate
our findings and demonstrate that our approach significantly improves control fidelity, execution robust-
ness, and generalization capability, reducing Mean Per-Keypoint Position Error (MPKPE) on the test set
by over 10% in local mode and 82% in global mode compared with existing humanoid controllers. These
results establish our BFM as a principled foundation for scalable, general-purpose humanoid control.

2 Related Work

2.1 Humanoid Whole-body Control

Humanoid control has recently undergone a paradigm shift from task-specific reward engineering to-
ward whole-body reference imitation. Early approaches achieved impressive performance across diverse
motor skills through carefully designed reward functions and regularization terms [1, 3, 4]. However,
their reliance on task-specific objectives often constrains generalization across heterogeneous control
settings. In contrast, mimic-based approaches formulate humanoid control as reference motion track-
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ing, providing a unified framework for learning natural, expressive, and coordinated whole-body be-
haviors [20, 21, 22]. This paradigm has enabled wide applications, including human teleoperation [23,
24, 25], humanoid-scene interaction [26, 27, 28], and humanoid-object interaction [29, 30, 31].

Despite these advances, conventional motion-tracking-based approaches remain constrained by their
dependence on explicit whole-body reference motions as the primary control interface. To address this
limitation, recent research has explored two complementary directions. The first extends humanoid con-
trol to multimodal commands, either preserving whole-body motions as an intermediate representation
and then training high-level motion generators for translating multimodal inputs into trackable refer-
ence trajectories [32, 33, 34], or developing more flexible control interfaces that can directly respond
to diverse command forms without requiring explicit whole-body references during inference [6, 8].
The second direction focuses on learning reusable behavioral representations, where structured latent
spaces are acquired through motion tracking to capture diverse motor skills and behavioral priors in
a compact and transferable form [35, 36]. Such representations can subsequently be leveraged across
downstream tasks, facilitating efficient skill acquisition and rapid adaptation to varying contexts.

2.2 Behavior Foundation Models for Humanoid Robots

Behavior Foundation Models (BFMs) have emerged as a promising paradigm for general-purpose hu-
manoid control, owing to their broad versatility and strong generalization. Recent studies have explored
diverse pretraining strategies and control mechanisms for constructing such models. BFM4Humanoid [6]
pretrains BFMs within the DAgger framework [37], where actions are labeled by an expert policy trained
via motion tracking. It further introduces an explicit control interface, enabling the pretrained model
to directly respond to diverse behavior specifications at deployment. Based on a similar distillation
framework, BeyondMimic [9] first learns structured behavioral representations as a proxy action space
and then performs pretraining through supervised learning on offline behavioral trajectories. At infer-
ence time, it applies classifier guidance [38] to the diffusion-based BFM to generate task-conditioned
behavior trajectories for humanoid control [39]. BFM-Zero [10] pretrains BFMs via unsupervised rein-
forcement learning based on forward-backward representations [40, 41]. With the promptable latent
space learned through pretraining, it enables zero-shot generalization and few-shot adaptation through
sampling-based inference at test time. More recently, SONIC [11] explores the direct usage of motion
tracking for BFM pretraining. By learning discrete behavioral representations and enforcing alignment
across multiple command forms, it enables versatile control through the resulting shared latent space.

As BFMs continue to demonstrate strong performance across diverse humanoid control settings, scaling
has naturally emerged as a key direction for further improving their capabilities. However, their concrete
scaling behavior has yet to be systematically identified. While SONIC offers preliminary evidence by
scaling the number of reference motions, model capacity, and GPU hours within the motion-tracking
framework, it fails to elucidate the coupling among key factors that govern effective scaling, including
the learning paradigm, training data, and model architecture. In this work, we revisit the design of
motion tracking, clarify the notion of training data in PPO-based pretraining, and introduce a more
expressive architecture termed the Humanoid Transformer. These explorations aim to offer a more
principled understanding of BFM scaling and lay a stronger foundation for general humanoid control.
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3 Method

In this section, we first present our revised formulation and learning objective for BFM pretraining and
establish motion tracking as its principled and scalable instantiation. We then detail our motion-tracking
recipe, including the state representation, control interface, reward design, and domain randomization
strategy. Next, we formalize the notion of training data within our framework and elucidate the corre-
sponding dataset construction pipeline to achieve a synergy between data quantity and diversity. Finally,
we introduce a more expressive and scalable architecture termed the Humanoid Transformer, which fa-
cilitates the natural emergence of structured behavioral representations. Collectively, these components
constitute the methodological foundation of our scaling recipe for BFM pretraining.

3.1 Problem Formulation

We formulate humanoid control as a Markov Decision Process (MDP) M = 〈S,A, T,R,γ〉, where S de-
notes the state space, A the action space, T the transition dynamics, R the reward function, and γ the
discount factor. At each timestep t, the state s t ∈ S comprises the agent’s proprioceptive state sp

t and
a goal state sg

t that specifies the control objective. The action at ∈ A represents desired joint angles,
which are then executed by a low-level proportional-derivative (PD) controller to actuate the robot.

Following prior work [6], we identify humanoid behavior B as the common objective underlying exist-
ing WBC systems and formally define it as a trajectory over the humanoid proprioceptive states sp

t and
actions at . Notably, goal states sg

t are excluded from this definition, as we interpret them as external
specifications that guide or constrain behavior rather than the intrinsic components of behavior itself.

B ≜ (sp
0, a0, sp

1, a1, · · · , sp
T−1, aT−1, sp

T ) (3.1)

Building upon the formulation above, BFMs intend to decouple behavior learning from task-specific
control modes, thereby establishing a unified and scalable objective for learning various behaviors while
enabling a versatile control interface that accommodates diverse behavioral specifications of the same
underlying behavior. Formally, we structure the pretraining of BFMs as a goal-conditioned reinforcement
learning (GCRL) problem, the learning objective of which is to maximize the expected return:

max
θ

Eτ∼pθ (τ)[
T
∑

t=0

γt rt], (3.2)

where pθ (τ) = p(s0)
∏T

t=0 p(s t+1|s t , at)πθ (at |s t) is the distribution over trajectories induced by the
model πθ . Existing WBC systems typically tailor goal states s g

t and reward functions rt to individual
task requirements, failing to establish a unified abstraction across diverse scenarios. In contrast, BFMs
aim to 1) identify a proxy task coupled with a general reward formulation that can be shared across a
wide range of behavior patterns and control settings; 2) construct a versatile control interface of goal
states s g

t from diverse forms of behavioral specifications that describe the same underlying behavior.

Intuitively, imitation naturally serves as a general learning paradigm for behavior acquisition, as it aims
to reproduce demonstrated trajectories without relying on task-specific requirements or manually de-
signed evaluation protocols. Therefore, we instantiate the proxy task for BFM pretraining as humanoid
whole-body motion tracking, where the reward function evaluates how faithfully the humanoid fol-
lows the reference motions. This formulation casts behavior learning as a well-defined and measurable
optimization problem, thereby establishing a unified and scalable objective across diverse scenarios.
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Despite the shared usage of reference motions, the formulation above differs fundamentally from gen-
eral motion trackers. BFMs employ motion tracking solely as a proxy task for behavior learning rather
than as the intended control objective. As a consequence, they are not constrained to a specific form
of behavioral specification, whereas conventional motion trackers typically treat whole-body reference
states as the only way of applying control and therefore remain specialized for a specific WBC task.

In practice, we optimize the objective of BFM pretraining using the Proximal Policy Optimization (PPO)
algorithm [17] for its stability and robustness. Nevertheless, the proposed formulation is algorithm-
agnostic and can be readily integrated with a wide range of reinforcement learning algorithms.

3.2 Learning Paradigm

Motion tracking has been widely adopted as an effective learning paradigm for humanoid control. Exist-
ing approaches, however, differ substantially in their detailed designs, including state representations,
control interfaces, and reward formulations. To enable unified and scalable behavior learning together
with versatile humanoid control through diverse forms of behavioral specification, we carefully curate
a motion-tracking recipe for BFM pretraining, the key components of which are described below.

Proprioceptive State Design. We adopt the asymmetric actor-critic design in PPO to jointly account
for efficient policy learning and practical real-world deployment. The proprioceptive state of actor is
defined as sp

t ≜ (ω
root
t , gt , qt , q̇t) where ωt is the base angular velocity, gt the projected gravity, qt

current joint position and q̇t current joint velocity. In contrast, critic’s proprioception may leverage
privileged information in simulators, which is defined as ŝp

t ≜ (ht , pt ,θt , vt ,ωt , qt , q̇t) where ht is the
root height, pt the link positions, θt the link orientations, vt the link linear velocities and ωt the link
angular velocities. All these whole-body states of the critic are expressed in humanoid’s heading frame.

Control Interface Design. To enable versatile humanoid control from diverse forms of behavioral
specifications, we design a simple yet expressive control interface based on masked whole-body target
poses in the root-relative Cartesian space. Specifically, the whole-body target representation is defined
as: x t ≜
�

pref
t+1 − proot

t , pref
t+1 − pt , θ

ref
t+1 ⊖ θ

root
t , θ ref

t+1 ⊖ θt

�

, which contains the target link poses and their
deviations from the current poses, all expressed in the humanoid root frame. We then randomly sample
a link-wise mask from a predefined mask setM = {m0, m1, . . . , m7} and construct the actor goal state as
sg

t ≜ (x t ⊙m i , m i) , m i ∼M . The masks specify eight control modes, the details of which are provided
in the Appendix A.1. In contrast, the critic is provided with complete, unmasked target information to
provide more accurate value estimation. Accordingly, we define the critic goal state in the humanoid root
frame as ŝg

t ≜
�

pref
t+1 − proot

t , pref
t+1 − pt , θ

ref
t+1 ⊖ θ

root
t , θ ref

t+1 ⊖ θt , vref
t+1 − vt , ω

ref
t+1 −ωt

�

. This asymmetric
design is consistent with BFM objective of decoupling behavior learning from concrete specifications,
allowing the critic to focus exclusively on motion tracking as the proxy task for BFM pretraining.

Reward Design. We formulate the reward as a weighted sum of tracking rewards, penalty terms and
survival terms. Unlike prior works that either remove root-position tracking or decouple root follow-
ing from whole-body pose tracking [9, 11], we require the robot to reproduce reference motions as
integrated whole-body trajectories in the global frame. Removing root-position tracking may assign
nearly identical learning guidance to behaviors with distinct global semantics, while decoupling root
and pose tracking may compromise the coordination of root and pose evolution. Our design instead
provides coherent guidance over whole-body behavior, reducing guidance ambiguity and encouraging
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Figure 2: Reference Motion Dataset Composition. We construct a large-scale human motion dataset by aggre-
gating over 102 million frames at 50 FPS from multiple sources, which are subsequently retargeted to the target
humanoid. Random samples are visualized to demonstrate its broad coverage of diverse behavior patterns.

more consistent behavior acquisition. Details on reward components are provided in Appendix A.2.

Domain Randomization. To enhance the robustness and generalization of our BFMs, we apply domain
randomization during training. We randomize physical parameters including friction coefficient, joint
default positions, base center-of-mass positions and mass of hands particularly to accommodate poten-
tial variations in end-effector configurations. We also periodically apply random perturbations to robot
velocities to simulate external pushes. Detailed components are provided in Appendix A.3.

3.3 Training Data

After establishing motion tracking with versatile control interface as the learning paradigm, we next
describe how the training data is collected and organized for scalable BFM pretraining. Existing stud-
ies often equate scaling training data with simply increasing the number of reference motions. Under
the PPO framework, however, the effective training data are the on-policy rollouts collected through
environment interaction, the scale of which is primarily determined by the degree of environment par-
allelism and the rollout horizon. Increasing the number of reference motions instead influences the
distribution of these rollouts by introducing a wider range of behavior patterns for imitation. This bene-
fit, however, depends critically on the diversity of the reference motion corpus rather than its size alone.
For instance, a dataset containing an arbitrarily large number of walking forward motions still repre-
sents only a single behavior pattern and therefore provides limited behavioral coverage. Consequently,
scalable BFM pretraining requires the synergy of quantity and diversity of the training data. In practice,
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we increase the number of parallel environments and rollout horizon to collect more on-policy data,
while curating reference motions from diverse sources to ensure broad behavioral coverage.

Human Motion Collection. To expand the behavioral coverage of reference motions, we first con-
struct a large-scale human motion collection with fully open-source datasets, including LAFAN [42],
AMASS [43], OMOMO [44], GRAB [45], SnapMoGen [46], FineDance [47], BONES-SEED [48], and
Embody3D [49]. This collection contains 102M frames at 50 FPS, which is expected to contain rich and
coordinated behavior patterns for BFM pretraining. Detailed components may refer to figure 2.

Motion Retargeting. We adopt a two-stage retargeting pipeline to bridge the embodiment gap between
human and humanoid. In the first stage, we align the human and humanoid skeleton by optimizing the
human shape coefficient β to minimize the difference of corresponding links at the same rest pose. No-
tably, our reference motion corpus comprises heterogeneous human motion representations, including
both SMPL and BVH formats. For SMPL motions, we optimize the built-in shape coefficients, whereas
for BVH motions, we optimize the local skeletal offsets. Human skeletons from diverse sources are
thereby aligned with the target humanoid morphology. In the second stage, we follow prior work and
retarget human motions to the humanoid in a sequential frame-wise manner [50]. For each frame t,
the humanoid root pose and joint configurations are initialized from the solution of the previous frame
and subsequently optimized by solving an inverse kinematics problem that minimizes the weighted pose
discrepancy between selected links. Visualization of retargeted motions is also presented in figure 2.

Early Termination and Reference State Initialization. Early termination and reference state initial-
ization (RSI) jointly shape the on-policy data distribution for BFM pretraining. We terminate an episode
whenever any humanoid link deviates by more than 0.5m from the reference motion in the global frame,
thereby preventing the collection of low-quality rollout data. After termination, we adopt the RSI strat-
egy [15], where the initial states are directly derived from the reference motions. Rather than randomly
selecting an arbitrary reference frame, we reinitialize the humanoid with the reference state next to the
termination point, bringing it back to the desired trajectory manifold from which it departs.

Adaptive Sampling. Adaptive sampling intends to bias the data distribution toward challenging motion
sequences to improve sample efficiency while maintaining sufficient behavioral coverage to avoid catas-
trophic forgetting. Inspired by the implementation of ProtoMotions [51], we assign a uniform sampling
weight w0 = 1 to each motion sequence at the beginning of training and then periodically evaluate the
model on the full training set every Teval epochs. A trajectory is marked as failed if any humanoid link
at any timestep deviates by more than 0.5m from the reference in the global frame. Given a discount
factor β where 0< β < 1, the sampling weight of each trajectory after the t-th evaluation is updated as

wt =

¨

wt−1/β
Teval , if the trajectory fails,

wt−1 · β Teval , if the trajectory succeeds.
(3.3)

To avoid excessive concentration of the sampling distribution, we clamp the updated sampling weights:

wt ← clip(wt , wmin, wmax). (3.4)

In practice, we set Teval = 200, β = 0.999, wmin = 0.03, and wmax = 1.0 and normalize the weights
to obtain the sampling distribution. This forms a closed loop of evaluation, feedback, and resampling,
allowing training to focus more on difficult motions while retaining coverage of the reference corpus.
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Figure 3: Overview of Model Architecture. We introduce an expressive and scalable architecture termed the
Humanoid Transformer, which facilitates the natural emergence of structured behavioral representations.

3.4 Model Architecture

We finally introduce the Humanoid Transformer, an expressive and scalable architecture tailored for
BFM pretraining. To provide richer temporal information for behavior learning, we first extend the
proprioceptive states, goal states, and actions into finite temporal windows. These inputs are then
encoded by modality-specific tokenizers, the parameters of which are shared across all inputs of the same
modality. The resulting proprioception and action tokens are interleaved to form the context sequence,
followed by a learnable query token for action or value prediction. During self-attention, the query
token is prevented from being attended to by the context tokens, while retaining full attention over the
entire context sequence to aggregate historical information. Goal states, together with their temporal
offsets relative to the current timestep, are concatenated along the temporal dimension, tokenized, and
injected into the backbone through cross-attention, providing a flexible mechanism for conditioning the
model on behavioral specifications. An overview of the architecture is presented in figure 3.
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Notably, we employ RMSNorm [52] to normalize the goal embeddings onto a continuous and bounded
hypersphere, thereby naturally inducing a structured latent representation space for behavioral inten-
tions. Rather than explicitly regularizing this latent space with auxiliary objectives, it is shaped solely
through the objective of motion tracking during pretraining. Interestingly, a similar structural design of
the latent space has also been explored in generative frameworks for image generation [53].

We employ the same backbone architecture for both the actor and the critic, while adopting different
temporal offset schemes. Let index 0 denote the immediate next target frame. The future window of
actor contains the next five consecutive frames with indices {0,1, 2,3, 4}, together with an additional
frame randomly sampled from the range [5, 32]. This stochastic future offset provides a practical mecha-
nism for mitigating system delays during real-time deployment, as the last future frame can be dynam-
ically adjusted according to the timestamp of the received control signals. In contrast, the critic adopts
fixed exponentially spaced indices {0,1, 2,4, 8,16, 32}, providing access to both fine-grained short-term
dynamics and long-horizon outcomes. This design improves value estimation while maintaining a com-
parable token budget. More details on the model architecture are provided in Appendix A.4.

4 Experiments

In this section, we first investigate the scaling behavior of BFMs from the perspectives of training data
and model architecture. Building on these findings, we then analyze the learned latent space to show
that structured representations of behavioral intentions emerge naturally without auxiliary objectives
and are further refined through scaling. Finally, we benchmark the resulting BFMs against existing
humanoid controllers to evaluate their effectiveness as humanoid foundation controllers.

4.1 Experiment Setup

Environments. We conduct experiments on Unitree G1 [54], which stands 1.3 meters tall and has 29
degrees of freedom. All models are trained in IsaacLab [55] and evaluated in MuJoCo [56] to assess
robustness under dynamic transfer. Details on real-world deployment are provided in Appendix B.1.

Evaluation Protocol. BFM pretraining is instantiated as motion tracking, which naturally provides di-
rect evaluation protocols by measuring how accurately the humanoid tracks the control signals under
diverse control modes. Accordingly, we report the success rate (Succ) together with global and local
tracking errors. These metrics are computed only over the activated links specified by each control
mode, as the remaining links are left unspecified and are therefore naturally inpainted. A motion se-
quence is deemed unsuccessful if any selected link deviates from its desired state in the global frame
by more than a predefined threshold. G-MPKPE and G-MPKRE denote the mean per-keypoint position
and rotation errors of the selected links in the global frame, whereas L-MPKPE and L-MPKRE measure
the corresponding root-relative errors after removing the horizontal translation offsets and heading
differences [9]. Formal definitions of all the evaluation metrics are provided in Appendix B.2.

Evaluation Dataset. We evaluate all the models on two test sets. The first (BONES Test Set) consists of
10,000 held-out motion sequences sampled from the BONES dataset, forming a source-aligned bench-
mark of approximately 3.6 million frames at 50 FPS. The second (Ours Test Set) comprises high-quality,
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Figure 4: Results of scaling on-policy data collection on the BONES Test Set under whole-body control mode.
Best outcomes with the highest success rate and lowest tracking errors are highlighted with red circles.

previously unseen motions, including 839 sequences captured using Xsens [57] and 810 sequences from
100Style [58]. Together, these cross-source sequences comprise around 4.5 million frames at 50 FPS.

4.2 Scaling with Training data

We first study how training data affects the scaling behavior of BFMs from two complementary aspects:
scaling on-policy data collection and scaling reference motions under the PPO-based motion-tracking
framework. Specifically, scaling on-policy data collection primarily increases the quantity of training
data per update, whereas scaling reference motions is expected to enrich the diversity by introducing a
broader range of behavioral patterns, thereby shaping the data distribution encountered during training.

4.2.1 Scaling On-policy Data Collection

We scale on-policy data collection by increasing both the width and depth of environmental interaction.
With the number of environments per GPU held constant, the width is increased by scaling the number
of parallel GPUs, whereas the depth is increased by extending the rollout horizon of each environment.

To evaluate the effect of scaling on-policy data collection, we keep all other training configurations fixed
across experiments while varying the rollout horizon and the number of GPUs across three levels. We
report results on two test sets under four representative control modes. The whole-body control results
are presented in figure 4 and 5, whereas the results for the other three control modes, together with the
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Figure 5: Results of scaling on-policy data collection on the Ours Test Set under whole-body control mode.
Best outcomes with the highest success rate and lowest tracking errors are highlighted with red circles.

experimental designs adopted to ensure a fair comparison, are further provided in Appendix B.4.

As shown by the results, jointly scaling the width and depth dimensions substantially improves perfor-
mance across diverse control modes, with the largest configuration (64 GPUs and a rollout horizon of
64) achieving the best performance in nearly all experiments. We attribute these gains primarily to the
increased amount of on-policy experience collected for each policy update, which provides more reliable
estimates of quantities involved in PPO optimization, thereby leading to more effective policy updates.

However, scaling either dimension alone does not always produce a consistent trend of improvement.
This observation suggests that the benefits of scaling on-policy data collection depend not only on the
total quantity of collected experience but also on how it is accumulated. In other words, effectively
scaling on-policy data collection may require an appropriate balance between the width and depth di-
mensions, rather than increasing either one in isolation. Understanding the intricate interplay between
these two complementary factors remains an interesting direction for future investigation.

4.2.2 Scaling Reference Motions

We evaluate the effect of scaling reference motions by partitioning the full dataset into five nested
subsets of increasing size, such that each larger subset fully contains all smaller ones. These subsets
are denoted as XXS, XS, S, M, and L. Specifically, XXS, XS, and S correspond to one-third, two-thirds,
and the complete BONES-SEED dataset excluding the held-out test split, respectively. The M subset
comprises all reference motion datasets except Embody3D, whereas L contains the complete collection.
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Figure 6: Results of scaling reference motions on the BONES Test Set under whole-body mode. Best outcomes
corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.

All other training configurations are kept fixed across experiments, and the optimal on-policy data con-
figuration is adopted throughout. We still report results of two test sets under four representative control
modes. The whole-body control results are presented in figure 6 and 7, whereas those for the remaining
three control modes, together with the detailed experimental designs are provided in Appendix B.5.

Partition Occupancy Rate

XXS 0.9365
XS 0.9350
S 0.9365
M 0.9825
L 0.9995

Table 1: Occupancy Rates of Training Partitions

Before interpreting the detailed evaluation results, we
first quantitatively analyze the behavioral characteris-
tics of the training partitions. Specifically, we extract
behavioral features from all motion frames and fit a clus-
tering model using features randomly sampled from the
complete L partition. An equal number of features are
subsequently sampled from each partition and assigned
to the nearest cluster defined by the shared clustering
model. The occupancy rate is therefore defined as the
ratio of occupied clusters to the total number of clusters.

As shown in table 1, the occupancy rate remains nearly constant from XXS to S, but increases sub-
stantially from S to L. This observation indicates that scaling from XXS to S may primarily increase the
amount of reference motions while yielding little measurable expansion in the behavioral coverage. In
contrast, scaling from S to L not only increases the amount of reference motions but also broadens the
range of represented behaviors. Additional details of this analysis are provided in the Appendix B.5.
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Figure 7: Results of scaling reference motions on the Ours Test Set under whole-body mode. Best outcomes
corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.

The behavioral coverage analysis naturally divides reference-motion scaling into two distinct regimes:
homogeneous scaling increases the amount of reference motions while leaving the measured behav-
ioral coverage nearly unchanged (XXS→S), whereas heterogeneous scaling increases both the amount
of reference motions and the measured behavioral coverage (S→L). As shown in the experiments, ho-
mogeneous scaling yields only marginal improvements on both the BONES and Ours Test Set, despite
increasing the amount of reference motions from the same domain. In contrast, heterogeneous scaling
produces little additional benefit on the BONES Test Set but leads to substantial performance gains on
the Ours Test Set. Notably, significant improvements are observed only when scaling markedly expands
measured behavioral coverage, and only on the benchmark containing motions from novel data sources.

These observations suggest that the effectiveness of scaling reference motions depends not only on
the amount of reference motions, but also on whether scaling expands the behavioral coverage and
whether the newly introduced behaviors are relevant to the target evaluation benchmark. Intuitively, a
BFM trained exclusively on walking motions is unlikely to perform a cartwheel without prior exposure to
similar behaviors. Expanding the training set to include cartwheel-like motions can potentially improve
performance on such behaviors. Conversely, if the current objective is to improve walking performance,
introducing cartwheel motions into the training set is unlikely to provide significant additional benefit.

The findings above provide several practical insights for future research: 1) If the objective is to improve
performance within a specific domain, simply increasing the amount of in-domain reference motions
is likely to yield diminishing returns. Once the dominant behavioral patterns of the target domain are
well represented, further gains are more likely to be achieved through a more carefully curated train-
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Figure 8: Results of scaling model architectures on the BONES Test Set under whole-body control mode. Best
outcomes with the highest success rate and lowest tracking errors are highlighted with red circles.

ing set with fine-grained coverage of domain-specific behaviors. 2) Since no finite dataset can exhaust
the space of possible behaviors, rare and long-tail behavioral patterns will inevitably remain absent. A
more meaningful question is therefore not how to achieve a fine-grained behavioral coverage but how
to curate a finite training set that achieves an effective balance between data efficiency and behavioral
coverage. 3) If the objective is to improve the general capabilities of BFMs, incorporating diverse data
sources appears to be a practical strategy. Although additional data sources do not inherently guarantee
broader behavioral coverage, they often contribute complementary behavioral patterns—for example,
LAFAN primarily provides locomotion behaviors, whereas OMOMO introduces human-object interac-
tion behaviors. Combining such complementary sources can therefore provide a stronger behavioral
foundation for BFM pretraining by exposing the model to a broader range of behavioral patterns.

4.3 Scaling with Model Architecture

We next investigate the effect of model architectures on scaling BFMs. Specifically, we intend to examine
whether the proposed Humanoid Transformer achieves superior performance compared with previously
adopted MLP architecture, and whether increasing its capacity leads to further performance gains.

All other training configurations are kept fixed across experiments, including the optimal on-policy data
and reference motion configurations. We report results on both test sets under four representative
control modes. The whole-body control results are presented in figures 8 and 9, while those for the
remaining three modes, together with the detailed experimental setup are provided in Appendix B.6.
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Figure 9: Results of scaling model architectures on the Ours Test Set under whole-body control mode. Best
outcomes with the highest success rate and lowest tracking errors are highlighted with red circles.

As shown in the results, the Humanoid Transformer generally achieves higher success rates and lower
tracking errors than the MLP across diverse experiments. Notably, the medium-sized Humanoid Trans-
former already achieves performance comparable to, or even better than, the substantially larger MLP,
while further increasing the Transformer size yields only diminishing returns. These results suggest
that the proposed architecture serves as a stronger backbone for BFM pretraining, achieving superior
performance through more effective utilization of model capacity under the same optimization budget.

However, we also observe that scaling Humanoid Transformer does not consistently improve perfor-
mance across all the control modes. While some modes continue to benefit from increased model
capacities, others exhibit early saturation at relatively modest scales. We hypothesize that this behavior
arises from the imbalance in learning difficulty among different control modes. For example, the whole-
body mode may be easier to learn than the root-and-end-effector mode, as the latter requires the model
to infer natural whole-body behaviors from only sparse constraints. As training progresses, optimization
trade-offs between these modes may become increasingly pronounced, allowing the model to further
improve certain modes at the expense of slight performance degradation in others. To better understand
this phenomenon, we provide a clearer analysis of the underlying learning dynamics in Section 4.4.

4.4 Latent Analysis

Beyond evaluating the performance of the proposed Humanoid Transformer, we further investigate
whether structured latent representations can emerge without introducing auxiliary objectives. In this
work, a latent space is considered structured if it satisfies: 1) Locality. Temporally close commands
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Test Set Noise Level Success Rate ↑ G-MPKPE ↓ G-MPKRE ↓ L-MPKPE ↓ L-MPKRE ↓

BONES

0 0.9717 0.0835 0.1378 0.0434 0.1423
5 0.9720 0.0846 0.1389 0.0437 0.1438
10 0.9710 0.0883 0.1450 0.0447 0.1501
15 0.9701 0.0956 0.1565 0.0468 0.1617
20 0.9646 0.1067 0.1736 0.0505 0.1784

Ours

0 0.9836 0.0856 0.1558 0.0434 0.1557
5 0.9830 0.0877 0.1567 0.0435 0.1565
10 0.9776 0.0970 0.1640 0.0450 0.1631
15 0.9715 0.1100 0.1744 0.0470 0.1724
20 0.9400 0.1387 0.2033 0.0543 0.1991

Table 2: Evaluation of Latent Space Robustness. Latent representations on the hypersphere are perturbed by
rotating each latent vector along a randomly sampled direction through an angle specified by the noise level.

should be mapped to nearby latent representations, preserving local neighborhood relationships and
forming a locally continuous latent manifold. 2) Global Organization. Beyond preserving local neigh-
borhood, the latent space should exhibit a coherent global structure, in which distinct behavioral inten-
tions are organized into distinguishable regions rather than being arbitrarily intermixed. 3) Robustness.
The latent representations should be resilient to perturbations, such that moderate noise on the latent
representations does not substantially affect the model’s interpretation of the intended behavior.

walk forward

walk backward

crouch left

crouch right

squat

Figure 10: Visualization of the Latent Space.

As introduced in Section 3.4, the latent space of
the Humanoid Transformer is designed as a con-
tinuous manifold on the hypersphere. Through-
out this paper, we focus on the unit hypersphere,
which is obtained by removing the multiplicative
scaling factor in the RMSNorm module and there-
fore remains consistent across different layers. To
examine the locality and global organization of
this latent space, we extract the normalized la-
tent representation corresponding to the first fu-
ture target at each timestep of a motion sequence.
The resulting latent representations are then pro-
jected into a three-dimensional space using a ran-
dom Gaussian projection matrix and subsequently
normalized to ensure unit length for visualization.

According to the visualization results in figure 10, the latent space exhibits both locality and global
organization across five selected motion sequences from the complete motion collection. From a local
perspective, each motion sequence forms a continuous and smooth trajectory on the latent manifold,
without abrupt transitions or high-frequency fluctuations. From a global perspective, trajectories cor-
responding to behavioral intentions in different directions occupy distinguishable regions of the latent
space rather than being arbitrarily intermixed. Furthermore, the latent representations preserve the un-
derlying directional relationships among behaviors: walking forward and backward are distributed on
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Figure 11: Comparison of Latent-space Visualizations across Multiple Control Modes for Models of Differ-
ent Sizes. Each row corresponds to the same motion sequence, and each column corresponds to a different model
checkpoint. The left and right columns show the relatively small and relatively large models, respectively. Colors
indicate different control modes, with the same color representing the same mode across all visualizations.

opposite sides of one latent dimension, while crouching left and right are separated along another. The
visualization above provides qualitative evidence of the locality and global organization of the learned
latent space, while the quantitative results in table 2 show that the model maintains strong performance
even when relatively large perturbations are introduced into the latent representations. This observation
provides empirical evidence for the robustness of the learned latent space, suggesting that the model
can preserve its interpretation of the underlying behavioral intentions despite moderate latent noise.

In addition to the structural analysis, we also examine how diverse behavioral specifications are orga-
nized within this shared representation space and how this organization evolves as BFMs scale with
stronger backbones. Specifically, we compare latent-space visualizations of multiple control modes over
randomly sampled motion sequences between a relatively small model and a relatively large model. As
shown in figure 11, increasing model capacity leads to convergence of the latent representations across
different control modes. This observation may help explain the scaling behavior reported in Section 4.3,
where improved performance on certain control modes is accompanied by slight degradation on others,
potentially reflecting a strong coupling among control modes in the shared latent space.
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Test Set Method Success Rate ↑ G-MPKPE ↓ G-MPKRE ↓ L-MPKPE ↓ L-MPKRE ↓

BONES

GMT 0.4407 0.5674 0.4789 0.0761 0.3177
TWIST 0.4226 0.6212 0.5487 0.0704 0.3337
SONIC† 0.9239 0.1740 0.1810 0.0436 0.1762

BFM-Bym 0.9644 0.1005 0.1406 0.0406 0.1360
BFM-Local 0.7286 0.2281 0.1279 0.0398 0.1312
BFM-Global 0.9677 0.0798 0.1342 0.0400 0.1366

Ours

GMT 0.0855 1.8693 0.9829 0.0896 0.3158
TWIST 0.0831 2.2744 1.0705 0.0596 0.3002
SONIC 0.5937 0.5035 0.2098 0.0430 0.1974

BFM-Bym 0.9709 0.1224 0.1648 0.0403 0.1592
BFM-Local 0.2553 0.4731 0.1473 0.0388 0.1474
BFM-Global 0.9776 0.0915 0.1556 0.0396 0.1542

Table 3: Performance Benchmark on Whole-body Control. We compare the 3M-parameter variant of the
proposed BFM with off-the-shelf whole-body controllers and a self-curated ablation baseline (BFM-Bym), trained
using the reward design of BeyondMimic and evaluated under the global control mode. The best result for each
metric is highlighted in bold. †: The randomly sampled BONES Test Set may overlap with SONIC’s training set.

4.5 Model Performance Benchmarking

To benchmark the performance of the proposed BFM, we select whole-body control as a common eval-
uation task and compare our model with existing whole-body controllers. The baselines include several
off-the-shelf models, namely GMT [20], TWIST [24, 25], and SONIC [11]. We further include an abla-
tion baseline trained using the same pipeline but with the reward design of BeyondMimic [9], allowing
us to evaluate the contribution of the proposed reward formulation. As shown in table 3, the proposed
BFM consistently achieves higher success rates and lower tracking errors across both local and global
control modes, outperforming all competing methods by a clear margin. Notably, the proposed reward
formulation consistently yields lower global tracking errors than the ablation baseline, suggesting that
tracking integrated whole-body trajectories in the global frame may provide more coherent behavioral
guidance without compromising the coordination between root motion and whole-body pose evolution.
Detailed descriptions of the local and global control modes are provided in Appendix B.1.

5 Discussion

In this paper, we present a systematic investigation of the scaling behavior of Behavior Foundation
Models for humanoid robots by revisiting three fundamental aspects: the learning paradigm, behavioral
data, and model architecture. Through extensive empirical studies, we derive an effective scaling recipe
that yields substantial improvements in control fidelity, execution robustness, and generalization capa-
bility. Nevertheless, the proposed framework has its limitations. Although we curate a unified control
interface with diverse control modes, it remains unclear whether this interface is the most appropriate
abstraction and how these modes should be integrated with future high-level policies. Consequently, the
design of BFMs should continue to evolve alongside advances in high-level policy learning. Moreover,
the current infrastructure for BFM pretraining remains relatively preliminary and constrained, limiting
its scalability to broader settings. We hope that this work provides a foundation for systematic develop-
ment of BFMs, ultimately contributing to the realization of general-purpose humanoid intelligence.
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A Method Details

A.1 Control Modes

Control Mode # Links Activated Links
Root Mode 1 Pelvis

Bimanual Mode 2 Left Hand, Right Hand

Root-and-Hand Mode 3 Pelvis, Left Hand, Right Hand

End-Effector Mode 4 Left Hand, Right Hand, Left Foot, Right Foot

Root-and-End-Effector Mode 5 Pelvis, Left Hand, Right Hand, Left Foot, Right Foot

Upper-Body Mode 6
Left Shoulder, Right Shoulder, Left Elbow

Right Elbow, Left Hand, Right Hand

Root-and-Upper-Body Mode 7
Pelvis, Left Shoulder, Right Shoulder

Left Elbow, Right Elbow, Left Hand, Right Hand

Whole-Body Mode 14
Pelvis, Left Shoulder, Right Shoulder, Left Elbow

Right Elbow, Left Hand, Right Hand, Torso, Left Hip
Right Hip, Left Knee, Right Knee, Left Foot, Right Foot

Table 4: Curated control modes featuring different activated target links. Instead of constructing arbi-
trary link-wise masks by independently activating each link according to a Bernoulli distribution with probability
0.5 [6], we curate a set of eight representative control modes spanning different levels of specification granu-
larity. By randomly sampling a control mode at each environment reset, the same underlying behavior can be
represented by diverse forms of behavioral specifications. Such design enables versatile humanoid control across
multiple control modes while naturally supporting behavior inpainting under sparse control signals.

A.2 Reward Design

Term Expression Weight Notes
Tracking Reward

Global Root Height exp(−∥ht − href
t ∥

2
2/σ

2
height) 0.5 σheight = 0.3

Global Body Position exp(− 1
|B|
∑

b∈B∥pt,b − pref
t,b∥

2
2/σ

2
pos) 1.0 σpos = 0.3

Global Body Rotation exp(− 1
|B|
∑

b∈B∥θt,b ⊟ θ ref
t,b∥

2
2/σ

2
rot) 1.0 σrot = 0.4

Global Body Linear Velocity exp(− 1
|B|
∑

b∈B∥vt,b − vref
t,b∥

2
2/σ

2
lin) 1.0 σlin = 1.0

Global Body Angular Velocity exp(− 1
|B|
∑

b∈B∥ωt,b −ωref
t,b∥

2
2/σ

2
ang) 1.0 σang = 3.14

Penalty Term
Action Rate ∥at − at−1∥2

2 -0.1

Joint Position Limits
∑

j∈J 1
�

qt, j /∈
�

qmin
j ,qmax

j

��

−10.0

Survival Reward
Survival 1 [is_alive] 1.0

Table 5: Reward components and weights. Variables annotated with the superscript ref are derived from the
reference motion, whereas those without this annotation correspond to the humanoid’s current state. Reward
weights are automatically scaled by the environment according to the simulation timestep d t.
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A.3 Domain Randomization

Domain Randomization Sampling Distribution

Physical parameters
Static friction coefficients µs ∼ U[0.3, 1.6]
Dynamic friction coefficients µd ∼ U[0.3, 1.2]
Default joint positions q0 ∼ q0 + U[−0.01, 0.01]
Base COM offset (x, y, z) ∆x ∼ U[−0.025,0.025], ∆y ∼ U[−0.05,0.05], ∆z ∼ U[−0.05, 0.05]
Hand mass m0 ∼ m0 + U[0.0,1.0]

Root velocity perturbations
Root linear vel (x, y, z) vx ∼ U[−0.5, 0.5], vy ∼ U[−0.5, 0.5], vz ∼ U[−0.2, 0.2]
Root angular vel ωroll ∼ U[−0.52, 0.52], ωpitch ∼ U[−0.52, 0.52], ωyaw ∼ U[−0.78, 0.78]
Push duration ∆t ∼ U[1, 3]s

Table 6: Domain randomization parameters. Randomization of physical parameters is applied at the start of
training. Root velocity perturbations are introduced periodically during training. U[·]: uniform distribution.

A.4 Model Architecture

We provide the implementation details of the proposed Humanoid Transformer for BFM pretraining.

Let L denotes the history length. Proprioceptions and actions are first extended to temporal windows:

Ht ≜ (s
p
t−L+1, at−L+1, · · · , sp

t−1, at−1, sp
t ). (A.1)

Given the historical information, we encode proprioceptive states and actions with separate tokenizers:

zsp

i = Esp(sp
i ) za

i = Ea(ai). (A.2)

The historical context is then represented as a sequence of interleaved proprioceptive and action tokens:
�

zsp

t−L+1, za
t−L+1, · · · , zsp

t−1, za
t−1, zs p

t

�

. (A.3)

We additionally append a learnable query token e at the end and obtain the complete context:

Zp
t ≜
�

zsp

t−L+1, za
t−L+1, · · · , zsp

t−1, za
t−1, zs p

t , e
�

. (A.4)

Let N denote the number of future frames. The goal states are also extended to a temporal window:

Gt ≜
�

sg
t+δ1

, sg
t+δ2

, · · · , sg
t+δN

�

, (A.5)

where δi is the temporal offset of future frame i relative to current frame and sg
t+δi

is defined as:

x t+δi
≜ (pref

t+δi
−proot

t , pref
t+δi
− pt ,θ

ref
t+δi
⊖ θ root

t ,θ ref
t+δi
⊖ θt)

sg
t+δi
≜ (x t+δi

⊙m i , m i), m i ∼ M
(A.6)

We concatenate goal states with the temporal offsets and encode them with a shared tokenizer:

zsg

i = Esg(sg
t+δi
). (A.7)

26



The future window then becomes a sequence of task tokens, each corresponding to a future frame:

Zg
t ≜ (z

sg

1 , zsg

2 , · · · , zsg

N ) (A.8)

Given the historical context Zp
t and future window Zg

t , we employ self-attention to capture the temporal
dependencies and dynamic evolution in historical context and cross-attention to condition the model on
diverse behavioral specifications. This design decouples the modeling of the behavioral manifold from
the injection of control conditions, naturally aligning with our objective of building BFMs.

Each layer of the transformer consists of the self-attention, the cross-attention, the feed-forward and
the RMSNorm module. Let Zp

t,(i−1) denote the context after layer i − 1. The updating rule in layer i is:

Zp
t,(i−1) = Zp

t,(i−1) + SelfAttn(RoPE(RMSNorm(Zp
t,(i−1))))

Zp
t,(i−1) = Zp

t,(i−1) +CrossAttn(RMSNorm(Zp
t,(i−1)), RMSNorm(Z g

t ))

Zp
t,(i) = Zp

t,(i−1) + FFN(RMSNorm(Zp
t,(i−1)))

(A.9)

where the learnable query token is masked from being attended to by the other context tokens while it
can attend to all context tokens to aggregate historical information in the self-attention module.

The RMSNorm module projects goal embeddings onto a continuous and bounded hypersphere via:

RMSNorm(x ) = γ ·
x
Ç

1
d

∑d
i=1 x2

i

, (A.10)

where γ is a learnable scalable parameter. Throughout this paper, we mainly focus on the unit hyper-
sphere, regardless of any multiplicative scaling coefficient. We do not employ auxiliary objectives to
regularize the latent space; instead, it is shaped solely through the motion-tracking objective.

Given the output of the backbone, we denote the latent embedding corresponding to the learnable query
token as ê and use a projection head f to predict the action or value, which is expressed as f (ê).

In practice, we implement the proprioception tokenizer Esp , action tokenizer Ea, goal tokenizer Esg ,
projection head f all as single linear layers, and the feed-forward module as SwiGLU [59].

B Experiment Details

B.1 Real-World Deployment

All real-world experiments are conducted on the Unitree G1 humanoid robot with 29 degrees of free-
dom. We decouple high-level BFM inference from the low-level joint-space PD controller and employ
LCM [60] for inter-process communication. This architecture provides direct access to the low-level
control loop, thereby facilitating the implementation of safety mechanisms, such as binding emergency
termination to a dedicated button on the remote controller for direct human interference.

The low-level controller is implemented upon Unitree SDK2 and operates at 200 Hz, whereas high-level
BFM inference is accelerated with TensorRT and runs at 50 Hz. Both processes can be executed either

27



onboard with the assistance of the Jetson Orin GPU, or on a local PC connected to the robot via a network
cable. For scenarios involving online streaming of control signals, we transmit data over Wi-Fi using TCP
and buffer the received signals with their timestamps. During inference, the index of the final future
reference frame is dynamically adjusted according to the recorded timestamps, providing an effective
mechanism for compensating communication and system latency during real-time deployment.

Although BFMs are pretrained with objectives to reproduce reference motions as integrated whole-body
trajectories in the global frame, they naturally support both global and local control during real-world
deployment. In the global control mode, we adopt HTC VIVE Ultimate Trackers [61] for root localiza-
tion. The root position on the x y-plane and the heading direction of the control signals are aligned with
those of the robot through first-frame calibration. In the local control mode, the current root position
specified by the control signal is treated as the robot’s actual root position. While the reference heading
could likewise be regarded as the robot’s current heading, we instead preserve the heading derived from
the IMU and align the direction of control signals through the same first-frame calibration procedure.
This design avoids modifying the robot’s raw sensory inputs while still enabling accurate tracking of the
desired root orientation. The overall procedure can be interpreted as a reference-forcing mechanism: it
assumes that the robot has already reached the desired root position and therefore only needs to track
the remaining root orientation and whole-body pose, a strategy commonly adopted in prior work.

Since BFMs support eight curated control modes, any of them can be activated and switched online
during real-world deployment. Notably, some control modes do not provide an explicit specification of
the root target state; consequently, local control is not directly applicable under these modes.

B.2 Evaluation Protocol

We report the success rate together with global and local tracking errors across diverse control modes.
A motion sequence is considered unsuccessful if any selected link deviates from its desired position by
more than 0.5m in the global frame. G-MPKPE and G-MPKRE denote the mean per-keypoint position
and rotation errors of the selected links in the global frame, whereas L-MPKPE and L-MPKRE measure the
corresponding root-relative errors after removing horizontal translation offsets and heading differences.
Position errors (G-MPKPE and L-MPKPE) are reported in meters, whereas rotation errors (G-MPKRE and
L-MPKRE) are reported in radians. The metrics are defined below, where T is the number of frames and
B the selected link set.

G-MPKPE=
1

T · |B|

T
∑

t=1

∑

b∈B

||pt,b − pref
t,b||2 (B.1)

G-MPKRE=
1

T · |B|

T
∑

t=1

∑

b∈B

||θt,b ⊟ θ ref
t,b||2 (B.2)

L-MPKPE=
1

T · |B|

T
∑

t=1

∑

b∈B

||proot-relative
t,b − proot-relative,ref

t,b ||2 (B.3)

L-MPKRE=
1

T · |B|

T
∑

t=1

∑

b∈B

||θ root-relative
t,b ⊟ θ root-relative,ref

t,b ||2 (B.4)
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B.3 Training Hyperparameters

Term Value

Optimizer Adam

Value coefficient 1.0

PPO Clipping 0.2

Entropy coefficient 5.0e-3

Learning epochs 2

Actor learning rate 2.0e-5

Critic learning rate 1.0e-3

Discount factor γ 0.99

GAE λ 0.95

Desired KL value 0.01

Maximum gradient norm 1.0

Training environments per GPU 8192

Initial noise std 0.8

GPU Type NVIDIA RTX 4090

Table 7: Hyperparameter Details. These terms remain fixed across experiments to ensure a fair comparison.

B.4 Scaling On-Policy Data Collection

We scale on-policy data collection along two complementary dimensions: the width and the depth of
environmental interaction. With the number of environments per GPU held constant, the width is in-
creased by scaling the number of GPUs, while the depth is increased by extending the rollout horizon.

To ensure a fair comparison, we keep all the training hyperparameters fixed across experiments, as
detailed in table 7. In particular, the number of mini-batches is adjusted according to the rollout horizon
so that only the total amount of collected on-policy data varies across experiments, while the mini-batch
size remains constant. We further adopt the reference motion dataset of medium size, which consists
solely of the BONES-SEED dataset excluding the held-out test split. This removes potential benefits
arising from heterogeneous data sources in the full reference motion dataset, allowing us to isolate
the impact of scaling on-policy data collection. Finally, all experiments employ the same Humanoid
Transformer model architecture of medium size, which provides a favorable balance between control
performance and real-time onboard inference efficiency. Collectively, these design choices ensure that
the observed differences can be primarily attributed to the scale of on-policy data collection.

To evaluate the effect of scaling on-policy data collection, we report results of two test sets under four
representative control modes: root-and-hand mode (figure 12 and 13), root-and-end-effector mode
(figure 14 and 15), root-and-upper-body mode (figure 16 and 17)), and whole-body mode (figure 4
and 5). Both the rollout horizon and the number of GPUs are varied across three levels (32, 48, and
64). For all configurations, we evaluate the checkpoint obtained after 20,000 training epochs.
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Figure 12: Results of scaling on-policy data collection on the BONES Test Set under root-and-hand control
mode. Best results with the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 13: Results of scaling on-policy data collection on the Ours Test Set under root-and-hand control
mode. Best results with the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 14: Results of scaling on-policy data collection on the BONES Test Set under root-and-end-effector
mode. Best results with the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 15: Results of scaling on-policy data collection on the Ours Test Set under root-and-end-effector mode.
Best results with the highest success rate and lowest tracking errors are highlighted with red circles.

31



	�


�

�


�$!!$
('��

$% )
$#

	�


�

�


�("
��%�$�����&

�����

�����

�����

�����

�����

����	

����


�����

�����

�(���&&���'�

�



�

	�

�$!!$
('��

$% )
$#

�



�

	�

�("
��%�$�����&

�����

����	

�����

����


�����

�����

�����

�����

�����

�������

�



�

	�

�$!!$
('��

$% )
$#

�



�

	�

�("
��%�$�����&

���	�

���
�

�����

�����

���
�

�������

�



�

	�

�$!!$
('��

$% )
$#

�



�

	�

�("
��%�$�����&

���
�

���
�

���



���
�

���
�

�������

�



�

	�

�$!!$
('��

$% )
$#

�



�

	�

�("
��%�$�����&

���	�

���
�

���
�

�����

�����

�����

�����

���
�

���
�

�������

Figure 16: Results of scaling on-policy data collection on the BONES Test Set under root-and-upper-body
mode. Best results with the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 17: Results of scaling on-policy data collection on the Ours Test Set under root-and-upper-body mode.
Best results with the highest success rate and lowest tracking errors are highlighted with red circles.
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B.5 Scaling Reference Motions

We evaluate the effect of scaling reference motions by partitioning the full dataset into five nested
subsets of increasing size, such that each larger subset fully contains all smaller ones. These subsets
are denoted as XXS, XS, S, M, and L. Specifically, XXS, XS, and S correspond to one-third, two-thirds,
and the complete BONES-SEED dataset excluding the held-out test split, respectively. The M subset
comprises all reference motion datasets except Embody3D, whereas L contains the complete collection.
Details on the statistics of these subsets are presented in table 8.

Subset Motion Sequences Motion Frames

XXS 44,073 16,159,416
XS 88,146 32,230,197
S 132,220 48,321,234
M 165,028 71,130,505
L 184,206 101,979,598

Table 8: Reference Motion Subset Statistics. The frames are calculated based on 50 FPS.

All training configurations and the model size are kept fixed across experiments, and the optimal on-
policy data configuration (64 GPUs and a rollout horizon of 64) is adopted throughout. We still report
results of two test sets under four representative control modes: root-and-hand mode (figure 18 and 19),
root-and-end-effector mode (figure 20 and 21), root-and-upper-body mode (figure 22 and 23), and
whole-body mode (figure 6 and 7). We evaluate the checkpoint obtained after 22,200 training epochs.

To provide context for interpreting the observed scaling behavior, we first quantitatively analyze the
behavioral characteristics of the training partitions. Specifically, we define a behavioral feature as:

(h, r, p, vx , vy ,ωz , jp, jv)

where h denotes the root height, r and p are the root roll and pitch angles, vx and vy are the root linear
velocities on the XY-plane,ωz is the root angular velocity along the z-axis, jp is the joint positions and jv is
the joint velocities. The root velocities are all expressed in the humanoid heading frame. Together, these
components form an expressive feature vector of 64 dimensions given Unitree G1 (1+2+2+1+29+29).

We extract such behavioral features from all motion frames, and fit a K-Means clustering model using
200,000 randomly sampled features from the complete L partition, yielding a shared clustering space
consisting of 2,000 clusters. Subsequently, an equal number of behavioral features are randomly sam-
pled from each partition and assigned to the nearest cluster in the shared clustering space. A cluster is
considered occupied if at least one sampled feature is assigned to it. The occupancy rate is defined as
the ratio of occupied clusters to the total number of clusters. A higher occupancy rate indicates that the
partition spans a broader range of behavioral regions in the shared feature space and therefore exhibits
greater behavioral coverage. It is worth noting that this quantitative measure is inherently dependent
on the choice of reference motions used to construct the shared clustering space. In this paper, we use
the complete partition and implicit assume that it provides sufficiently broad behavioral support for
meaningful comparisons across partitions. Nevertheless, no finite dataset can exhaust the space of pos-
sible behaviors and rare or long-tail behavioral patterns may still be absent. Consequently, determining
an appropriate support for behavioral coverage analysis remains an important direction for future work.
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Figure 18: Results of scaling reference motions on BONES Test Set under root-and-hand mode. Best results
corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.

Figure 19: Results of scaling reference motions on Ours Test Set under root-and-hand mode. Best results
corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 20: Results of scaling reference motions on BONES Test Set under root-and-end-effector mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.

Figure 21: Results of scaling reference motions on Ours Test Set under root-and-end-effector mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 22: Results of scaling reference motions on BONES Test Set under root-and-upper-body mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.

Figure 23: Results of scaling reference motions on Ours Test Set under root-and-upper-body mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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B.6 Scaling with Model Architectures

We next explore the effect of model architectures on the scaling behavior of BFMs. Specifically, we
examine whether the proposed Humanoid Transformer outperforms the MLP architecture and whether
further increasing its capacity leads to additional performance gains. Throughout this paper, the actor
and critic are instantiated with identical backbone architectures and model capacities. They differ only
in their input and output dimensions, reflecting the asymmetric observations and prediction objectives.

All algorithmic and environmental configurations and kept fixed across experiments, including the PPO
hyperparameters listed in table 7, the on-policy data collection configuration of 64 GPUs with a rollout
horizon of 64, and the L partition of the reference motion dataset. We still report results of two test
sets under four representative control modes: root-and-hand mode (figure 24 and 25), root-and-end-
effector mode (figure 26 and 27), root-and-upper-body mode (figure 28 and 29), and whole-body mode
(figure 8 and 9). We evaluate the checkpoint obtained after 22,200 training epochs for each experiment.

For the MLP backbone, we adopt two representative configurations following prior work. The small
configuration contains 3.05M parameters, with hidden dimensions of [1024, 768, 512], while the large
configuration contains 11.86M parameters, with hidden dimensions of [2048, 2048, 1024, 1024, 512,
512]. Both MLP variants employ ELU activations. No normalization is applied to the observations.

For the proposed Humanoid Transformer, we evaluate four model configurations by varying four criti-
cal components: the embedding dimension, feed-forward dimension, number of attention heads, and
network depth. The S model contains 0.41M parameters, with an embedding dimension of 128, 2 atten-
tion heads, a feed-forward dimension of 128, and 2 Transformer layers. The M model contains 3.00M
parameters, with an embedding dimension of 256, 4 attention heads, a feed-forward dimension of 256,
and 4 layers. The L model contains 4.44M parameters and shares the same width as the M model but in-
creases the depth to 6 layers, thereby isolating the effect of scaling network depth. Finally, the XL model
contains 9.91M parameters, with an embedding dimension of 384, 6 attention heads, a feed-forward
dimension of 384, and 6 layers, representing joint scaling of both network width and depth.

It is worth noting that our scaling study remains relatively limited compared with those conducted for
Large Language Models. This limitation stems from two primary factors. First, humanoid robot control
still lacks the mature infrastructure required to support truly large-scale pretraining. Distributed train-
ing remains fragile due to multi-GPU communication, simulator instability, and the limited exploration
of efficient training systems tailored to humanoid foundation models, not to mention the community
has yet to reach a consensus on the appropriate foundation model paradigm for humanoid robots. Sec-
ond, practical deployment imposes strict computational constraints. To sustain an inference frequency
above 50 Hz while reserving computational budget for future integration with high-level models, the
parameter count of Behavior Foundation Models cannot be increased indefinitely under current hard-
ware constraints. Nevertheless, as onboard computing capabilities continue to improve, establishing
a scalable training pipeline is of great value for future humanoid foundation models. We are actively
working to address these limitations with the constraints of current hardware and software systems.
Nevertheless, we believe that substantial progress will ultimately require coordinated efforts from the
broader community. To facilitate such progress, we will open-source all the resources, with the hope of
providing a scalable foundation upon which the community can collectively build.
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Figure 24: Results of scaling model architectures on BONES Test Set under root-and-hand mode. Best results
corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 25: Results of scaling model architectures on Ours Test Set under root-and-hand mode. Best results
corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 26: Results of scaling model architectures on BONES Test Set under root-and-end-effector mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 27: Results of scaling model architectures on Ours Test Set under root-and-end-effector mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 28: Results of scaling model architectures on BONES Test Set under root-and-upper-body mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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Figure 29: Results of scaling model architectures on Ours Test Set under root-and-upper-body mode. Best
results corresponding to the highest success rate and lowest tracking errors are highlighted with red circles.
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