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Fig. 1: Overview. We introduce Humanoid-X, a large-scale dataset to facilitate humanoid robot learning from massive human
videos. On top of Humanoid-X, we introduce UH-1, a large humanoid model for universal language-conditioned pose control

of humanoid robots.

Abstract— Scalable learning of humanoid robots is crucial
for their deployment in real-world applications. While tra-
ditional approaches primarily rely on reinforcement learning
or teleoperation to achieve whole-body control, they are often
limited by the diversity of simulated environments and the high
costs of demonstration collection. In contrast, human videos
are ubiquitous and present an untapped source of semantic
and motion information that could significantly enhance the
generalization capabilities of humanoid robots. This paper
introduces Humanoid-X, a large-scale dataset of over 20 million
humanoid robot poses with corresponding text-based motion de-
scriptions, designed to leverage this abundant data. Humanoid-
X is curated through a comprehensive pipeline: data mining
from the Internet, video caption generation, motion retargeting
of humans to humanoid robots, and policy learning for real-
world deployment. With Humanoid-X, we further train a large
humanoid model, UH-1, which takes text instructions as input
and outputs corresponding actions to control a humanoid robot.
Extensive simulated and real-world experiments validate that
our scalable training approach leads to superior generalization
in text-based humanoid control, marking a significant step
toward adaptable, real-world-ready humanoid robots.

I. INTRODUCTION

Scalability is crucial in deep learning. Recent advances in
computer vision have demonstrated that scaling up training
data leads to more powerful foundation models for visual
recognition [1], [2], [3] and generation [4], [S]. In robotics,

“equal contribution (in alphabetical order). fwork done while at USC.

researchers follow a similar paradigm and build foundation
models for robotic manipulation [6], [7], [8], [9] by collect-
ing massive robotic demonstrations. Nevertheless, in contrast
to images and videos that are abundant and easily accessible,
collecting large-scale robotic demonstrations is expensive
and time-consuming, which limits the scalability of current
robot learning methods. This raises the question: Can we use
videos as demonstrations to improve the scalability of robot
learning?

To address this challenge, many efforts have been made,
such as learning affordances [10], [11], [12], flows [13],
[14], and world models [15] from natural videos, which
enable more generalizable robotic manipulation. However,
when it comes to humanoid robots, learning such action
representations from videos remains an open problem. Un-
like robotic arms, humanoid robots have distinct kinematic
structures and more degrees of freedom (DoFs), making
them harder to control. Existing works [16], [17], [18], [19],
[20], [21], [22] leverage large-scale reinforcement learning to
learn robust humanoid control policies, but they only focus
on limited robotic skills such as locomotion or jumping,
making them less generalizable for handling everyday tasks.
Other works [23], [24], [25], [26] control humanoid robots
through teleoperation, but they require human labor to collect
robotic data, which is less scalable. In contrast to these
previous works, learning a universal action representation
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from massive videos will greatly improve the scalability
of humanoid robot learning and enable more generalizable
humanoid pose control.

To bridge this gap in humanoid robot learning, we intro-
duce Humanoid-X, a large-scale dataset curated from a mas-
sive and diverse collection of videos for universal humanoid
pose control. Humanoid-X utilizes natural language as an
interface to connect human commands and humanoid actions,
so humans can talk to their humanoid robots to control their
actions. The natural language representations are extracted
from videos via captioning tools and are used to describe
the actions of humanoid robots. For action representations,
Humanoid-X leverages both robotic keypoints for high-level
control and robotic target DoF positions for direct position
control. To extract humanoid actions from human videos,
we first reconstruct 3D humans and their motions from
videos. Then, we leverage motion retargeting to transfer
motions from 3D humans to humanoid robots, resulting
in robotic keypoints for high-level humanoid pose control.
Finally, we learn a universal RL-based control policy that
maps keypoints to low-level humanoid target DoF posi-
tions that can be deployed in real robots. We collect over
160,000 human-centric videos from academic datasets and
the Internet, covering diverse action categories. We further
transform these videos into text-action pairs, resulting in
over 20 million humanoid actions with corresponding text
descriptions. Humanoid-X paves the way for developing
more generalizable and scalable humanoid robotic control
guided by natural language.

On top of the Humanoid-X dataset, we further investigate
how to learn a universal humanoid pose control model
using large-scale text-action pairs. We introduce Universal
Humanoid-1 (UH-1), a large humanoid model for universal
language-conditioned humanoid pose control. UH-1 lever-
ages the scalability of the Transformer architecture to handle
vast amounts of data efficiently. We begin by discretizing
20 million humanoid actions into action tokens, creating a
vocabulary of motion primitives. Then, given a text command
as input, the Transformer model auto-regressively decodes
a sequence of these tokenized humanoid robotic actions.
For cases where the action representation involves robotic
keypoints, we transform these into robotic DoF positions
using an additional action decoder. Finally, we utilize a
proportional-derivative (PD) controller to convert the DoF
positions into motor torques, enabling us to control humanoid
robots and deploy them in the real-world.

To validate the effectiveness of the Humanoid-X dataset
and the UH-1 model, we conducted extensive experiments
across both simulated and real humanoid platforms. Our
results reveal that leveraging vast amounts of video data
enables our model to seamlessly translate textual commands
into diverse and contextually accurate humanoid actions.
Notably, the UH-1 model demonstrates strong robustness,
proving reliable in real-world deployment. To summarize,
our key contributions are as follows:

We introduce Humanoid-X, a pioneering large-scale
dataset tailored for learning universal humanoid control from

massive Internet video data.

We introduce UH-1, a powerful, scalable model for
language-conditioned control of humanoid poses. Our ap-
proach supports two flexible control modes that are inter-
changeable, depending on task requirements. We also provide
extensive ablation study for our design choices.

Our experiments confirm that training on massive video
data enables a level of generalizability in humanoid control
that was previously unattainable.

II. RELATED WORKS

Robot Learning from Internet Data. Many endeavors
have been made to learn scalable robot learning policies from
non-robotic data, especially Internet videos. The key idea is
to learn valuable representations from massive visual data
and transfer them to robotic tasks. The learned representa-
tions include pre-trained visual features from videos [27],
[28], [29], [30] and transferable action representations such
as affordances [10], [31] and object-centric flows [13], [14].
Other works [32], [15], [33] attempt to learn world models
from Internet videos. However, most of these works focus on
robotic manipulation. Since robot arms have totally different
kinematic structures from humanoid robots, the learned vi-
sual and action representations for robotic manipulation are
not transferable to humanoid robot control. In contrast, we
investigate how to learn universal pose control for humanoid
robots from massive videos.

Humanoid Robot Learning. Extensive work has been
dedicated to learning policies that enable robust control of
humanoid robots. Some works focus on humanoid loco-
motion using large-scale reinforcement learning [18], [20],
[16], [17], [19] or imitation learning [34], [35]. Other works
learn humanoid manipulation via imitation learning [36],
[37]. Notably, some works [25], [23], [21], [24], [38] learn
humanoid teleoperation by transferring motions from 3D
humans to humanoid robots. However, these works mainly
focus on accurate motion tracking and control from clean
human motions. In contrast, our method focuses on the
generalization ability of humanoid pose generation, and we
explored learning from massive noisy Internet videos for
text-conditioned, generalizable humanoid pose control.

3D Human Motion Generation. Many works are at-
tempting to generate diverse 3D human motions via Trans-
formers [39], [40] or diffusion models [41], [42], [43], [44],
[45]. Also, some works [46], [47], [48], [49], [50], [51],
[52], [53] are trying to generate realistic motions to ani-
mate physics-based virtual characters. However, humanoid
robots are essentially different from digital humans in many
aspects: (1) they have different joint structures and degrees
of freedom; (2) humanoid robots cannot access privileged
information like linear velocities, which is readily available
when controlling virtual humans; (3) humanoid robots have
physical constraints such as motor torque limits, whereas 3D
virtual humans do not have these limitations. An alternative
solution for generalizable humanoid pose control is to first
generate 3D human motions and then retarget them to hu-
manoid robots [23], [54]. Compared to these approaches, our



Fig. 2: Learning Humanoid Pose Control from Massive Videos We mine massive human-centric video cligsfrom
the Internet. We then extract text-based action descripfiorend 3D human poseBhman from the video clips. Next,
we retarget the motions from humans to humanoid robots, resulting in humanoid keypgigts for high-level control.
Finally, we employ reinforcement learning to generate physically deployable humanoid a&tiggs In this manner, we
collect 163,800 pairs of motion samplBY: T ; Pruman ; Probot ; Arobot I from Internet videos, which are leveraged to distill
a universal humanoid pose control policy.

UH-1 model offers a more streamlined solution by directlactionsT, (3) a human pose detection module that estimates

mapping text commands into executable humanoid actioparametric 3D human pos&,yman  from video clips, (4) a

without intermediate steps. Furthermore, unlike human manotion retargeting module to generate humanoid robotic

tion generation models trained on expensive motion captukeypoints Pyonot by transferring motions from humans to

data, learning from massive videos signi cantly enhances theumanoid robots, and (5) a goal-conditioned reinforcement

generalization ability of our method. learning policy to learn physically-deployable humanoid ac-
tions Aronot DY imitating humanoid keypoints.

. Video Mining and Processing.The rst step of our ap-
A. Overview proach is to collect a large number of human-centric videos

To scale up humanoid robot learning using massive humahat encompass a wide variety of action types. To this end,
videos, we introduce Humanoid-X, the largest humanoie mine massive informative video clips from 3 sources:
robot dataset to date compiled from a vast and divers¢cademic datasets for digital human research [56], [57], [58],
collection of videos for universal humanoid pose controll59], [60], [61], [62], datasets for video action understand-
Humanoid-X consists of 163,800 motion samples covering &9 [63], [64], and Internet videos from YouTube. To collect
comprehensive set of action categories. Each motion sampéernet videos, we designed over 400 unique search terms
in the dataset contains 5 data modalities: an original videgovering a range of human activities from daily tasks to
clip V, a text descriptioniT of the action in the video, a Professional sports, and then utilized the Google Cloud AP
sequence of SMPL [55]-based human poBggna, esti- o retrieve the top 20 videos for each speci ed search term.
mated from the video, a sequence of humanoid keypoints Original videos are often noisy, including segments with
Pronot  for high-level robotic control, and a sequence oho humans, multiple humans, or a stationary individual,
humanoid actiond\ o0t representing target DoF positionswhich makes them unsuitable for humanoid control. To
for low-level robotic position control. Humanoid-X encom- obtain meaningful video clips, we begin by downsampling
passes over 20 million frames, totaling approximately 248ach video to a standardized 20 frames per second (FPS)
hours of data. Beyond its extensive scale across multipte ensure consistency across the dataset. Next, we employ
data modalities, which is essential for scalable humanoiah object detector [65] for single-human detection, selecting
policy training, Humanoid-X also features a large and diversgames with precisely one visible person. Following detec-
text-based action vocabulary, as shown in g. 3 (c). Thigion, we apply motion detection by calculating the pixel-
diversity supports universal and text-conditioned humanoidise grayscale difference between consecutive frames to
pose control. In the next section, we will discuss how t&keep frames showing signi cant movement. We then compile
obtain these motion sampl&¥; T ; Phuman ; Provot ; Arobot i~ Sequences of at least 64 consecutive frames that satisfy
from massive videos. the above single-human motion criterion into video clips,

resulting in 163,800 video clip¥ in total.

) _ _ Video captioning. Language bridges human commands and
To process large-scale, in-the-wild raw video data, wiymanoid actions. To associate humanoid actions with se-
developed a fully automated data annotation pipeline confnantic meaning and enable language-conditioned humanoid

prising ve modules, as illustrated in g. 2. The pipeline control, we employ a video captioning model [66] to generate
includes (1) a video processing module that mines and

extracts video clip from noisy Internet videos, (2) a video
captioning model that generates text description of human*YouTube Data API v3

I1l. HUMANOID-X DATASET

B. Learning from Massive Videos



Fig. 3: Dataset Statistics Humanoid-X features extensive scale, diverse sources, a rich action vocabulary, and multiple data
modalities.

ne-grained action description§ from videos: same as the corresponding humanoid joint posit®fs,, :
T = Fcaption (V); Q) min ijj-(rJints P r-I;)bot Ji2; 4

T - LT, .
whereFcapion is the video captioning model. To avoid irrel- St Pioins = Fk (Phuman (5 " 5troot)); (5)

evant text descriptions, we carefully_design prompts to gu_i%here T denotes the standard T pose. For each frame of
the model to describe human actions instead of physicg|,man pose, we replace the originawith the optimal °in

appearance, resulting in action-centric text descriptions. Phuman , and following Eq. 3 we can obtain the adjusted joint
3D Human Pose Estimation.Humanoid robots inherently positionsPJ—%ims . Finally, we directly set humanoid robotic
share a similar skeleton with humans, which allows for |ea”keypoints as the adjusted human joint positions:

ing control policies for humanoid robots based on human

motion data. To this end, we rst need to extract human poses Probot 1= Pj(c))ints : (6)

from videos. To accurately track and estimate human POS§g effectively control humanoid robots, we also extract the

in video clips, we adopt a \{ideo-bgsed 3D human parametrllﬁotor DoF positions}epet in the humanoid robot via inverse
model estimator [67], which estimates SMPL [55]-bas

egdnematicsFik :
humans and camera parameters for each frame. We further

extract global human motionise,, root translations, using the Grobot = Fik (Probot ): @)

estimated camera parameters. The process can be formulawg use the Adam optimizer [68] to solve the inverse

as: kinematics problem. A smoothing term is added to the

Phuman (5 3t root) = Fpose(V); (2)  optimization to regularize changes Gfypo; across frames.

. N . Goal-conditioned Humanoid Control Policy. The retar-
whereFpose is the human pose estimation model. Finally, we eted humanoid kevooin® and DoE position
obtain per-frame 3D human po$&;uman (; it reot ), Where 9 yp robot P Frobot

. . accurately re ect humanoid motions, but they cannot be
controls the human shapes.controls the joint rotations, . N
. directly deployed to the real robot. This is because they
andt,,t controls the global root translations.

. ) . lack the necessary safety guarantees and robustness needed
Motion Retargeting from Humans to Humanoid Robots. y Y 9

Si h dh id robots h imil kelet to handle real-world variability and constraints effectively. To
Ince humans and humanoid robols have simiiar SKeIelongy o qq this, we develop a goal-conditioned control policy
we can track the human joint positions across frames a

L . . at adapts these motions while ensuring safe and reliable
map them to the corresponding joints in a humanoid robo P g

resulting in humanoid keypointB,qnot for high-level con- eployment on the physical robot:
trol. In particular, we chose 12 joints that exist in both G O7'A (opot: (8)

humans and humanoid robots: left and right hips, knee . . .
i’he inputs to the policy include two parts: the goal

ankles, shoulders, elbows, and wrists. The joint position .
Pioms Can be obtained via forward kinematis : spaceG and the observation space. The goal spaceés

contains humanoid keypoin®gpot , DOF positionsgopot ,
Pioints = Frk (Phuman (; 3t root)): (3) androot movement goals deriyed frqr&)t.. The opservation
spaceO contains robot proprioception information such as
Since humans have different shapes from humanoid robotsot orientation, angular velocity, and current motor DoF
following [25], we rst optimize the human shape parameterpositions. The output action spadeqn,t are target DoF
to ensure that resized human shapes closely resemiplesitions of each joint for controling the humanoid robot,
those of a humanoid robot. Specically, we rst obtain which can be further transformed into motor torque signals
joint positions in the humanoid robot under a standard Through a proportional-derivative (PD) controller.
shaped poseP [, .. Then, under the same T-shaped pose, We train the control policy, , using large-scale reinforce-
we optimize to make human joint positionE’]{,ints the ment learning with PPO [69] for policy optimization. The



Fig. 5: Text-to-keypoint and text-to-action control modes
UH-1 can either generate high-level humanoid keypoints
(text-to-keypoint) for the goal-conditioned policy to con-

trol the humanoid robot in closed-loop, or generate robotic
actionsA opot for direct open-loop control (text-to-action).

enabling more generalizable humanoid robotic control using
text instructions. For simplicity, in the following section, we
useAopot @s an example to illustrate our methdekopet

can be generated in the same manner.

We adopt the Transformer [70] as our main model archi-
tecture due to its scalability to large-scale data. As shown
in g. 4, to enable ef cient learning, we rst train an action
tokenizer using [71] to discretize humanoid motions into a

Fig. 4: UH-1 Model Architecture. UH-1 leverages the vocabulary of action tokens. Then, we train the Transformer
Transformer for scalable learning. Humanoid actions are rdib auto-regressively decode action tokens, resulting in exe-
tokenized into discrete action tokens. Then, we train the UReutable humanoid actions.

1 Transformer that takes text commands as inputs and autdH-1 Action Tokenizer. We follow [71] and mapl frames

regressively generates the corresponding humanoid actiohactionsA,qhot =[az;:::;ar] into a sequence of discrete
tokens. action tokensZiken = [2z1;:::;Zr=x ] Vvia an encoder
Fencode @nd quantizatiorF gyan :
Ztoken = I:quant (Fencode (Arobot ))’ (10)

reward function includes multiple terms: motion rewards to
encourage imitation of the retargeted humanoid keypointhere Fencode and Fquant are standard operations in [71].
Probot @and DoF positionSonet ; root tracking rewards to The action tokenZ oken cOme from a shared action vocabu-
follow target root orientations and linear velocities fromlary, and each token can be viewed as a motion primitive that
troot ; @nd stability rewards to help the robot maintain balances learned and shared across all data samples. Notably, dif-
and prevent falls during movement. The resulting policy ferent from language tokenization, humanoid actions won't
and robotic actionsA oot €nable the humanoid robot to change much in adjacent frames. To maintain the temporal
operate safely in the physical world while maintaining thesmoothness in humanoid actions, we encode a short clip with
desired motions. K frames of actiondai ;:::ag+1) k] into a single action

Finally, we collect a large number of motion samplegokenz;, rather than encoding each frame individually. This
hV: T ; Phuman ; Probot ; Arobot i from massive videos. In the approach not only preserves smooth transitions but also eases
next section, we investigate how to train a universal huhe learning process.
manoid pose control policy using massive motion samples. The decoder of VQ-VAEFgecoqe tries to reconstruct

the original action sequence with the latent embeddings

IV. UH-1 FORUNIVERSAL HUMANOID POSE CONTROL associated with the action tokens:

Learning from massive videos _enables us to distill a uni- A%, . = Fuecode(Zioken )’ (11)
versal humanoid pose control policy from large-scale motion
sampleshV: T ; Phuman ; Probot ; Arobot 1. We introduce UH- We denote the reconstructed action sequenc«é\%{,:bt =

1, a large language-conditioned humanoid model that takéa;:::;a3]. The reconstruction loss is formulated as

natural language commands and generates corresponding X

humanoid robotic action® opot ; A robot J: Lrecon = (ja? aij+j(ai0+1 a,-o) (a1 &)j); (12)
w1 o T THP ropot 3 Arobot 05 ) I

where the rst term is thel; reconstruction loss in [71]
where ., , denotes the UH-1 model. Notably, as illus-and the second term encourages the rst-order similarity of
trated in Fig. 5, our model can either generate high-levariginal and reconstructed action sequences. Additionally, we
humanoid keypoint®,qnet , Which are then fed into the goal- add regularization terms on latent embeddings as in [71].
conditioned policy to control the humanoid robot in closed- UH-1 Transformer. We formulate the task of language-
loop, or generate robotic actiodsqnot for direct open-loop conditioned humanoid pose control as auto-regressively de-
control. Our model bridges the gap between semantic laseding action tokenZoken conditioning on text commands
guage commands and physically deployable robotic actions, Formally, letZien = [Z1;:::Z7=¢ ] denote the target



Methods | FID # MM Dist # Diversity " R Precision™ Dataset | FID # MM Dist # Diversity " R Precision™”

Oracle | 0:005 ‘001 3:140 010 9:846 062 0:780 (003 Oracle | 0:.005 00t 3:140 010 9:846 062 0:780 003
MDM [73] 0:582 ‘051 5:921 (034 10:122 078 0:617 ‘007 HumanoidML3D | 0:445 078 3:249 ‘016 10:157 106 0:760 003
T2M-GPT [74] | 0:667 ‘109 3:401 017 10:328 099 0:734 004 Humanoid-X 0:379 046 3:232 008  10:221 :100 0:761 :008
UH-1 (ours) | 0:445 078  3:249 :016 10:157 ‘106 0:761 003

TABLE II: Dataset quality evaluation. Training on the

TABLE |: Comparisons of model performances on the Humanoid-X dataset greatly improves the quality and re-
HumanoidML3D benchmark. We calculate standard met- liability of humanoid actions, compared to training on the
rics following [57], repeating each evaluation 20 timesHumanoidML3D dataset.
and reporting the average along with the 95% con dence
interval. The results indicate that UH-1 attains the highest
performance across most metrics and achieves comparabiigd Text-to-Motion GPT (T2M-GPT) [74]. For fair com-
performance on th®iversity metric. parisons, We choose the commonly used HumanML3D [57]
benchmarks and transform the humans in this dataset into
action token sequence, whem is the current step to humanoid robots, resulting in a new benchmark called Hu-
predict, andz;.; 1 represent the preceding context of actiormanoidML3D. Similarly, we adopt the same motion retar-
tokens, and denote the text embedding by encoding thegeting method as in this paper to transform the human mo-
text commandT with the CLIP [72] encoder. The UH-1 tions generated by the baselines into humanoid actions. We
Transformer is then trained to model the conditional probadopt the metrics in [57] to evaluate the humanoid motions
ability distributionP(zjjz1;i 1;1). A special End] token is from different aspects: (1) Quality: ThErechet Inception
incorporated into the vocabulary to signal the terminatioDistance (FID)evaluates the dissimilarity between feature
of sequence generation. During training, we rst tokenizalistributions of generated and ground truth humanoid poses.
each Aot INt0 Zigken UsSiNg Eq. 3. Then, we feed the (2) Diversity: TheDiversity metric evaluates the variability
language embedding into the UH-1 transformer, and the within the generated humanoid pose distribution, calculated
transformer auto-regressively decodes action tokens. The the average Euclidean distance between 300 randomly
learning objective is to minimize the negative log-likelihoodsampled pairs of humanoid poses. (3) Reliability: Thelti-

over the whole training dataséx: modal Distance (MM Distjneasures the Euclidean distance
X Zi between motions and corresponding texts, andRhere-
Licarn = log  p(zijzei 1;1): (13) cision assesses the accuracy of text and humanoid pose
72D =1 matches in the Top 3 rankings.

table | shows the results of our UH-1 model compared
ainst the baselines. The results indicate that UH-1 attains
the highest performance across nearly all metrics, showing
over 23% reduction in the critic&lD metric, while also
maintaining comparable performance on Bieersity metric.
The rst-order similarity loss proposed in this paper greatly
enhances the quality and reliability of the generated outputs.
In this section, we conduct extensive experiments to inveshe results suggest that UH-1 is a streamlined model and

tigate the following research questions: (@hiversal Pose performs better than the two-stage methods.
Control with UH-1 Does our UH-1 model enable universal

humanoid robot pose control based on text commands? () Scalable Learning with Humanoid-X

Scalability and Generalization with Humanoid-Roes the  |n this section, we investigate whether scaling up training

Iarge—scale Humanoid-X dataset facilitate scalable trainin@ata with the |arge_sca|e Humanoid-X dataset can improve
and improve the generalization ability of our UH-1 modelthe generalization ability of our model. To explore this, we

(3) Real-World Deployment of UH:ICan our UH-1 model (st pre-trained our UH-1 model on the Humanoid-X dataset

be deployed on real humanoid robots to enable reliablgnd then netuned and evaluated the performance on the

During inference, using Eq. 11, the generated action toker&
are decoded inté\ onot for controlling the humanoid robot.
The Transformer architecture and auto-regressive modeli
ensure scalable learning of humanoid robot pose control.

V. EXPERIMENTS

robotic control in real-world environments? HumanoidML3D benchmark. table Il shows the performance
If not specially mentioned in our experiments, we usgomparison with training only on HumanoidML3D. We
whole-body controfor the humanoid robot by default. found that pre-training on the Humanoid-X dataset greatly

improves the quality, reliability, and diversity of humanoid
actions, with anFID improvement from0:445 to 0:379 a
We conduct extensive experiments to validate the genera#M Dist score improvement fron8:249 to 3:232 and a
ization ability of the UH-1 model. An alternative solution to Diversity improvement from10:157 to 10:221
text-to-humanoid action generation is a two-stage pipeline: In addition, we also study how scaling up training data
generating 3D human motions rst and then retargeting thaffects the model performance. To this end, we train our
human motions to humanoid robots. To this end, we compatéH-1 model on varying proportions of the Humanoid-X
our method with two important baselines for text-to-humaataset, speci cally 1%, 10%, 25%, 50%, 75%, and 100%.
motion generation: Motion Diffusion Model (MDM) [73] The results shown in g. 7 indicate that scaling up training

A. Universal Humanoid Pose Control with UH-1



Fig. 6: Real robot experiment UH-1 model can be reliably deployed on the real humanoid robot with a nearly 100%
success rate.

Instruction | Text-to-Keypoint  Text-to-Action
Boxing 90% 70%
Clapping 100% 100%
Cross Arms 80% 80%
Embrace 100% 100%
Golf Putt 90% 100%
Open Bottle & Drink 100% 100%
Play Guitar 100% 100%
Play Violin 100% 80%
Pray 100% 100%
Left Hand Punch 100% 100%
; . ; ; P ; Right Hand Punch 100% 90%
Fig. 7: Effectiveness of scaling up training data Points Wave to Friend 100% 100%

indicate the mean values, and error bars indicate the 95%

con dence interval. Increasing the dataset size from 1% tOABLE Ill: Task success rate on a real humanoid robot

100% leads to signi cant improvements in boHD and Both Text-to-Keypointind Text-to-Actionmodes can reach a

Diversity metric. success rate of nearly 100% across all evaluated language
instructions.

data from 1% to 100% leads to a signi cant performance

improvement in all metricsRID from 0:689 to 0:463 and D. Empirical Studies

Diversityfrom 5:900to 6:149). This suggests that by learning Analysis of two control modes.UH-1 can either pro-

from massive vi_deos, we successfully scale up the training.q high-level humanoid keypoints for a goal-conditioned,
data of humanoid robots and attain better performance.  ¢j,qeqd-loop policy or directly generate robotic actions for

open-loop control. To investigate the effectiveness of these
C. Real-World Deployment of UH-1 two control modes, we randomly generate 100 keypoint se-

guences and 100 action sequences for each task, as illustrated

To investigate whether our UH-1 model, trained on thén g. 8, and apply them in simulated robot control. The

Humanoid-X dataset, can generate reliable humanoid aedings indicate that both modes can achieve an average suc-
tions that are physically deployable on humanoid robotsess rate exceeding 89%, suggesting that text-to-action open-
we designed 12 distinct language commands, as shown l#p control with a separate locomotion policy is suf cient
table Ill, and evaluated them on a real humanoid robofor most tasks. Moreover, the text-to-keypoint control mode,
We use Unitree H1-2 as our test embodiment. For theene ting from the whole-body control policy, demonstrates
experiments, we evaluated each language command 10 tinsdightly better robustness.
and controlled the robot in different places. The successblation study on the action tokenizer. We conduct an
criteria is in Appendix E.1. Notably, for text-to-humanoidablation study to investigate the impact of different vocab-
actions, we found that open-loop control can only work foulary sizes of the UH-1 action tokenizer on model training.
upper-body control, so in this control mode, we use a préAfe selected the vocabulary sizes of 512, 1024, and 2048,
trained locomotion policy for controlling the lower-body of and reported the model performances on the Humanoid-X
the humanoid robot. g. 6 shows the demos of real-robotlataset. As illustrated in g. 9, increasing the vocabulary
experiments. table |l measures the task success rate for eaite up to 2048 leads to an improvement RiD metric
language command. Our experimental results demonstrdtem 0:539to 0:463 and brings an improvement Diversity
that our UH-1 model can be reliably deployed on the reahetric from6:050to 6:149. This indicates that increasing the
humanoid robot, achieving a success rate of nearly 100&umber of motion primitives learned in the action tokenizer
across all evaluated language instructions. results in more diverse humanoid motion generation. Due to




Fig.

9: Ablation on the vocabulary sizes of the UH-1

action tokenizer. Increasing the vocabulary size of the action
tokenizer provides more motion primitives for humanoid
robots and thus leads to an improvement in bBtB and
Diversity metric.

Limitations. In this paper, we only study the humanoid
Fig. 8: Simulated experiments on the UH-1 control modes pose control. Humanoid manipulation is not in the scope of
Bars indicate success rates for speci c commands and dattis paper. In future works, we plan to investigate learning
lines show the mean success rate on 12 different text instrusamanoid loco-manipulation from Internet videos.

tions. WhileText-to-Actiormode with a separate locomotion
policy is suf cient for most tasks,Text-to-Keypointmode
shows greater robustness.

[1]
Methods | FID # MM Dist # Diversity " R Precision™
Oracle | 0:005 001 3:140 ‘010 9:846 062 0:780 003
Diffusion model | 0:624 974 5536 929  10:281 0% ;630 007 [2]
Transformer 0:379 046 3:232 :008 10:221 ‘100 0:761 003
TABLE |V: Diffusion model vs. Transformer as the UH-  [3]

1 model. We found that the Transformer architecture is
more scalable to large-scale training data and exhibits bettgy
performance.

(5]

the limited computational resources, we didn't try a larger
vocabulary. We will leave this for future works.

Ablation study on the model architecture. A key consider- (e
ation for generation tasks is selecting the appropriate model
architecture, such as the Transformer or diffusion model. Td’]
explore this, we trained a text-controlled humanoid motion
diffusion model on the Humanoid-X dataset and compareds]
its performance with the original Transformer-based UH-1
model. The results in table IV show that the Transformer
architecture used in UH-1 is more scalable to large-scalgo]
training data and achieves better performance, with a lower
FID and MM Dist score compared to the diffusion-based
model. [10]

VI. CONCLUSION

We introduce Humanoid-X, a large-scale dataset that facitt

itates scalable humanoid robot learning from massive videos.
On top of Humanoid-X, we trained a large humanoid model[}2]
UH-1, for generalizable humanoid pose control based on
language commands. Extensive experiments demonstrate that
scalable training enables UH-1 to generate generalizable apd]
reliable humanoid actions following language command
and the UH-1 model can be effectively deployed on the reijl4]
humanoid robot.
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APPENDIX This paper presents Humanoid-X, a large-scale dataset that
facilitates scalable humanoid robot learning from massive

Data Source Distribution . . . . . . . 1 videos, and UH-1, a large humanoid model for generalizable
Video Mining and Processing . . . . . 1 humanoid pose control based on language commands. The
Video Captioning . . . .. ...... 3 Internet videos that Humanoid-X and UH-1 involve in the
3D Human Pose Estimation . . . . . . gdataset and the pipeline are strictly for academic research
Motion Retargeting . . . . ...... 3 and are not intended for commercial use. On the privacy
Goal-conditioned Control Policy . . . 4 Protection side, we apply face anonymization to all human
Data Format and Structure . . . . . . gsubjects in the Internet videos involved in Humanoid-X
Data Statistics . . . . . . . . . . . .. 5 and UH-1, making sure that the videos do not include any
Data Preparation and Release . . . . . grersonal information. In addition, we will not release the
Data examples from Humanoid-X original Internet videos to protect copyright. In summary,
Dataset . . . . . . . . . .. ... g we believe that Humanoid-X and UH-1 do not raise ethical
Dataset Comparisons . . . ... ... gconcerns.

UH-1 Action Tokenizer . . . . . . . . g In this section, we will introduce more details on the
UH-1 Transformer . . . . . . . . . .. g whole data collection pipeline of the Humanoid-X dataset,
Implementation Details . . . .. ... g including data source distribution, video mining and process-
Real Robot Experiment . . . . . ... g ing, video captioning, 3D human pose estimation, motion
Ablation on Goal-conditioned Control retargeting from humans to humanoid robots, and the goal-
Policy . . ... g conditioned humanoid control policy.

A. Data Source Distribution

Humanoid-X consists of massive motion samples with
diverse sources, and the detailed source of the data in
our Humanoid-X dataset is shown in table |. Humanoid-X
consists of 163.8K motion samples, spanning 240.3 hours
of video footage, containing 20.7M frames of human and
robotic motion data, with a vocabulary size of 3206 words.
Each motion video sample is expanded to the 5 data modali-
tieshV; T ; Phuman ; Probot ; Arobot I Of the motion sample in
our Humanoid-X dataset. The subsections below introduce
details on the dataset building and data processing pipeline.

B. Video Mining and Processing

To collect a dataset of videos featuring single-person
movements, we rst designed speci ¢ motion categories and
then generated search prompts based on these categories.
Using the phrase “single person” in searches often produced
irrelevant results since the majority of the video titles would
not specify whether the video is single person using the
exact word “single person”. So, activity-based terms were
created to ensure relevant data retrieval. These categories in-
cluded martial arts tutorials, tness and exercise drills, sports
techniques, dance practice, music performance tutorials, ev-
eryday movement patterns, animal-inspired movements, and
rehabilitation exercises.

Martial arts tutorials included search terms for techniques,
drills, and demonstrations across disciplines like Wushu,
Taekwondo, Karate, and Kung Fu. Examples of generated
terms are “karate front kick training,” “taekwondo spinning
hook kick demonstration,” and “wushu staff spin practice.”
Fitness and exercise drills focused on isolated movements
like “yoga handstand practice,” and “calisthenics planche
progression tutorial,”.

Sports techniques targeted individual actions in activities
like baseball, tennis, archery, running, and parkour, with
examples including “tennis serve technique tutorial” and



Fig. 1: Video Processing Pipeline

“running stride form analysis.” Dance practice emphasize@ata Source | # of Clips  # of Frames  # of Hours  Vocab. Size

solo routines in styles such as salsa, hip hop, ballet, modenmsT 1.5K 0.3M 3.2 590
dance, and improvisation, using terms like “salsa basic tL.g"ASS 134K oM 2 39a2
solo” and “ballet arabesque demonstration.” Music perfc ggogody 1.0K 0.4M 40 367
mance tutorials captured movements involved in playinRAB 1.3K 0.4M 3.8 565
- : o ; . HAA 5.2K 0.3M 2.9 1754
mstrum_ent:f sgch as gwt_ar, V|0I_|n, piano, and oLrums,ﬂvyn.HuMMan 0.7K 0.1M 10 980
terms like “guitar strumming while standing solo” and “vi- |pEaA400 12.5K 2.6M 24.0 1715
olin bowing technique while standing demonstration.” Kinetics700 68.6K 5.2M 72.4 3360
q ¢ ical . MotionX Video |  40.6K 7.9M 72.9 4021

Eyery ay mO.V-e.ment Patterns O-CUS qn PraCtlca mO.t|OI ®nline Video 17.8K 2.3M 32.6 2040

during daily activities, using terms like “picking up an objectTotal | 163.8K 20.7M 2403 11897

while balancing,” “loading a dishwasher with proper form,”
and “squatting to tie shoelaces,”. Animal-inspired movemenfBABLE |: Dataset statistics Compiled from diverse data
were included to capture dynamic motion patterns witlsources, Humanoid-X possesses an extensive scale of data
terms like “bear crawl coordination movement,” “frog jumpmodalities and a massive action vocabulary.
exercise,” and “amingo balance on one leg.” Rehabilita-
tion and mobility exercises targeted balance, exibility, and
strength, focusing on slow and deliberate movements such
as “dynamic torso twist warm-up” and “hip exor stretch
technique breakdown.”
By designing categories and generating search terms from
these, we ensured the collected videos focused on single-
person movements while covering a wide range of activitiegnabling the detection of subtle and signi cant activities by
After collection of videos from the designed searchingllowing relative small motions for several frames as long
prompts, we designed a pipeline for detecting and exs large motion is detected in frames' batch. Such design
tracting video segments featuring single-person movemenigould bene t continuity of the clips by keeping frames in
The process begins with the YOLOv8 model [65], whichhetween large motions. Frames that meet these criteria are
detects objects in each frame and identi es detected humagﬁ)uped into chunks representing continuous motion, and
based on the class label corresponding to “person”. Framegly chunks exceeding a minimum duration are considered
containing exactly one detected person are selected, ensurigg clip generation.
the focus remains solely on single-person actions. Once a
single-person frame is identi ed, a region of interest (ROI) is
extracted using the bounding box of the detected individual The output clips are processed to maintain consistent qual-
from YOLOv8 detection result. To determine existence ofty and playback speed. Frames within each chunk are down-
motion, the pipeline calculates frame-to-frame differences isampled for ef ciency, interpolated for smooth transitions,
the grayscale ROI, assessing movement levels using predd standardized to 20 FPS. The resulting clips focus exclu-
ned thresholds. This ensures only frames with signi cantsively on single-person actions, discarding distractions such
motion are retained, while static or irrelevant segments aegs multiple individuals or irrelevant frames. This approach
excluded. ensures a precise and diverse dataset of single-person motion
To further re ne the selection regarding motion, thesegments, suitable for applications in motion analysis, action
pipeline employs a batch-based Itering process, analyzingecognition, and training of computer vision models. By
sequences of frames to identify consistent motion pattermstegrating object detection, motion analysis, and sequence
over time. Small movement threshold is applied to frame-tgrocessing, the pipeline achieves high accuracy and relevance
frame and a larger threshold is applied to the frame batch isolating meaningful single-person movements.



Fig. 2: Video captioning example by using Video-LLaMA

C. Video Captioning and these are used to crop and process the frames for sub-
Video-LLaMA Prompt

sequent steps. The nal output includes SMPL parameters,
root translations, and optional visualizations of the 3D mesh
overlaid on the video frames.

There is a human doing something in the usd

provided video. Describe what the human is doing The VIBE-based mesh regression model is used as video-
brie y. based inference, which benets from temporal consistency
You must follow the following rules: across frames. For the detected person in a video, the
1. Do not describe the appearance of the human. pipeline extracts bounding boxes and sequences of features
2. You must at least answer “a man/woman doing from the video frames. VIBE processes _these sequences to
something [adverb]” estimate the SMPL parameters, including pose rotations,

3. If applicable, you should describe the [item] thd shape coef cients, and camera parameters. The extracted
human is interacting with, the [body part] the humar parameters are then stored for further use in 3D visualization
is using, or the [location] the human is in. or downstream tasks. An example of SMPL visualization is

4. Your answer must be within one sentence, and do Shown in g. 3. _ o
not begin with “in the video”. To compute the root translation of the subject in 3D

Please describe what the human is doing in the viddo SPace, the bounding boxes and camera parameters from
in one sentence. the mesh regression step are combined. The bounding box
coordinates are converted to the original image coordinate
ystem, accounting for resolution and aspect ratio. Using the

For video captioning, we implemented a video captionin . . .
pipeline using Video LLaMA [66], with a video processing eak-perspecnve camera parameters,_ |nclu_d|ng sealed
framework which extracts visual information from input2D translationt = (tx;ty), the deptht, is gstlmated based
videos by sampling a xed number of eight frames at regula?n a prede ned focal length. The depth is computed as:
intervals.

The prompts used for video captioning are designed to t, =
produce concise and action-focused descriptions. The main
prompt directs the model to describe the actions of a pers@fhere Wimg represents the width of the input image. The
in the video in a single sentence, explicitly avoiding mentiongoot translation vectoT oo is then formed as:
of the person's appearance. We used the query “Please

f

s 0:5 Wing ; (1)

describe what the human is doing in the video in one 2tx3

sentence.” with guidance of rules shown above. Such a query Troot = 4t,5; 2)
would guarantee a concise description of motion without any t,

irrelevant information being collected. An example of such

interaction with Video-LLaMA is shown in g. 2. wheret = (tx;ty) corresponds to the 2D translations from

the camera parameters, andis the computed depth.
D. 3D Human Pose Estimation

The SMPL generation pipeline is designed to estimatIeE' Motion Retargeting

3D human pose and shape parameters from video framesOur motion retargeting process mainly consists of two
This process involves several key steps, including detectirtgsks: the optimization of human shape parametets t

the subject in video frames, estimating pose and shapeiman shapes to those of a humanoid robot, and solve the
parameters, and generating a 3D mesh representation. VIBEmManoid motor DoF positiongepe: from adjusted human
model [67] is used to infer SMPL parameters, such as bodgint positions with inverse kinematics.

pose, global orientation, and shape coef cients, from vide@ptimization of human shape parameters . Given the
sequences. Bounding boxes are rst detected for the subjeftyward kinematics of human body models in eq. (3), we



Fig. 3: SMPL 3D human model estimation example

optimize the human shape parameterswith the Adam
optimizer [68], using the losk( ):

L( )= ijjI)ints P thabotjjzi 3
s.t. Pj-(r;ints = Fix (Phuman (; T;troot )): 4)

To avoid overtting on PT . which leads to too much
deformation on the human model T-shaped pose, we set a

limit to the human shape parameters
8i2f1,2::5ng, =( 15 205 a)ijii< 5 (5)

wheren denotes the size of the human shape parameters

Solving humanoid motor DoF positions gonot - With the  Fig. 4: Motion Retargeting, including optimization of hu-
optimal and eq. (6), we need to extract the motor DoFman shape parameters and solving humanoid motor DoF
positionsgoenot  through inverse kinematics in eq. (7). Thepositions.

inverse kinematics problem is solved by optimimzation with

the lossLjy : Term | Reward Expression | Weight
Lk = Lr+ Lg: (6) DoF Position exp( 0:7jqtwr  Qj) 3.0
] Keypoint Position exp(j tar tj) 2.0
In €q. (6), the retarget lods; : Root Linear Velocity | exp( 4:0jVtar Vj) 6.0
L (Grobot ; Sroot ) = JiFrk (Grobot ; Sroot ) P robotjjz;  (7) Sgg: sg\:\ll & Pitch eXp(e}Xp( tja' vi) ) 18

wheres;oot denotes robot root states including root transla-
tion and root orientationF,x denotes robot forward kine-
matics which maps frononot ; Sroot 10 humanoid robot
keypoint positions. Also in eq. (6), the smoothing teln

K 2

TABLE II: Imitation Rewards.

retarget from the training data to humanoid robot motion with
. . ! the method introduced above, including humanoid keypoint
L s (Grovot ) = . (20obot 1] Grovot [1 1] Gpopor [i +11): joint positionsPonet » humanoid robot DoF positiongopot

=1 (8) and humanoid robot root statsg,,: . We can estimate the
where n is the number of frames of one motion samplecorresponding linear or angular velocities of humanoid DoFs
trajectory, with the index ranging frofton 1. We use and humanoid root joint from the humanoid motion data
the Adam optimizer [68] to solve the inverse kinematicCross frames.

problem, where the weight of smoothing terme 0:05. RL Control Policy. Our goal is to track the root movement
N ) goal for the whole body and the target expression goal for
F. Goal-conditioned Control Policy upper body, and our training data is introduced above. The

We use massively parallel simulation to train our goalhumanoid control policy is de ned with eq. (8). The goal
conditioned humanoid RL control policy with Isaac Gym.space can be formulated @&= G* G ™, whereG® includes
In this subsection, we will introduce our training data, oujoint angles and keypoint translations from the retargeting
policy, our training rewards and training parameters. process above and the goal space for robot movement control
Training Data. We selectively used a portion of the CMUG™ = hv;rpy;hi wherev 2 R3 is the linear velocity,
MoCap dataset in AMASS [75], in the form of SMPL rpy 2 R3 is the robot pose in terms of row/pitch/yaw amés
models. We exclude motions that involve physical interthe body height. The observati@ includes robot proprieo-
actions with others, heavy objects, or rough terrain. Weeption informationo; = [! ¢;r¢;p; Y: GG a; 1]7 where



Term Reward Expression \ Weight Hyperparameter \ Value
Height rﬂa)(j‘hfee,j 0:2;0) 2.0 Discount Factor 0.99
Time in Air t&  dnew contact 10.0 GAE parameter 0.95
Drag VI lnew contact -0.1 Timesteps per Rollout 21
Contact Force MiFZ  Fwg (FZ Fn) | -3e-3 Epochs per Rollout 5
Stumble 19i; jF¥ j > 4jF7Zig 2.0 Minibatches per Epoch 4
DoF Acceleration j@j? -3e-7 Extropy Bonus ( 2) 0.01
Action Rate jar 1 aij -0.1 Value Loss Coef cient ( 1) 1.0
Energy jaj2 -1e-3 Clip Range o 0.2
Collision Leollision -10.0 Reward Normalization Yes
DoF Limit Violation L4 > mail 9 <9 m 01 Learnl_ng Rate le-3
DoF Deviation quc%ault q|owj-5‘ -10.0 # Environments 6192
Vertical Linear Velocity 2 , -1.0 Optimizer Adam
: : T i
E'?J}éﬁ{‘;ﬁ'é{;%‘i{'j‘ [ elocity igiﬁz _g:g TABLE IV: Training Parameters.

TABLE lll: Regularization Rewards

Motion Video Clip V. The video clips are collected in MP4
format at a frame rate of 20 frames per second (fps).
I't is robot root angular velocityr¢;p; is roll and pitch, Text Description T. The text descriptions are stored in plain
y =yt Y is the difference between current and desiregext (.txt) format.
yaw angleg andg is the joint position and angular velocity Human PosesPhuman . The human poses are sequences of
anda; 2 R*' is the target position of the joint proportional- SMPL model parameters with a frame rate of 20 fps. We
derivative (PD) controllers. stored the collected data for each motion sample in a NumPy
Training Rewards. In each step, the reward from the envi-(.npy) le.
ronment consists of motion rewards, root tracking reward§umanoid Keypoints Pronet . The humanoid keypoints in-
and regularization terms. To protect the fragile ankle rolfjude humanoid robot DoFgose and humanoid robot root
joints on the robot hardware, we set the actions of the tWéatess,,., . Each frame of the data contains 27 DoFs of the
joints to zero every simulation step. Motion rewards includgohot con guration and a 7-dimensional root state vector,
DoF position reward and keypoint position reward, and rogionsisting of 3-DoF root translation and 4-DoF quaternion
tracking rewards include root linear velocity reward, root rolkepresentation for root orientation. The humanoid keypoints
& pitch reward and root yaw reward. are recorded with a frame rate of 20 fps. We stored the
The imitation rewards, including motion rewards and rootollected data (27 robot DoFs and 7-DoF root state) for
tracking rewards, are listed in table II, whegig;q 2 R each motion sample in a NumPypy) le for ef cient data
are the target and actual upper body DoF positiost 2  management and processing.
R'® are the target and actual upper body keypoint positiongjumanoid Actions A gpe . The humanoid actions are se-
Vi,V 2 R are the target and actual root veloCityg; quences of target DoF positions. The data is collected and
are the target and actual body roll and pitch. stored at 50 fps, with each frame containing 27 robot DoFs
The regularization rewards are listed in table Ill, wherghat correspond to the robot's physical con guration. We
hreet is feet heighttf" denotes the duration for which eachstored the collected data for each motion sample in a NumPy
foot remains in the airlyew contactmeans new foot contact (.npy) le.
with the ground,F}”;F?;Fy are foot contact force in
horizontal plane and along the z-axis, and the contact for¢g¢ pata Statistics

threshold respectivelyy; ¢ are joint velocity and accelera- ] ] )
tion, a; is action at timestep, leiision denotes self-collision, Comparison with other datasets We compare Humanoid-X

Cpnan; Gmin @re: limits for joint positions, andy,y is gravity with other similar datasets at table V, including human action
vector projected on horizontal plane. recognition, motion capture, and human motion dataset.
Training Parameters. We use PPO with hyperparametersS€quence Length Analysis We conduct comprehensive
listed in table IV to train the policy. statistical analysis on both video sequence durations and
In this section, we will introduce the Humanoid-X datasetNell corresponding caption lengths, as illustrated in g. 5

We will introduce the data format and structure and sho@"d 9- 6. The analysis reveals that the majority of video
several examples of the dataset. clips are relatively short, with durations less than 10 seconds.

This distribution pattern stems from our video segmentation
strategy, where clips are specically extracted when sig-
ni cant or meaningful motion patterns are detected within
For each motion sample in Humanoid-X, we expand therthe continuous recordings. This approach naturally results in
to the 5 data modalities introduced in Sec. 3.1, where they asborter, more focused segments, making longer clips rela-
described witthV; T ; Phuman ; Probot ; Arobot | - Visualization tively rare in our dataset. Regarding the textual descriptions,
of part of the data samples in the dataset will be shown ithe distribution of caption lengths shows that most sentences
appendix J. contain fewer than 20 words. This concise nature of captions

G. Data Format and Structure



Video Language 3D Human Robot Robot

(Single Human) Description Model Pose  Action
Kinetics [64] (7) 7 7 7 7
NTU RGB+D [76] (7 7 7 7
AMASS [75] 7 7 7 7
HumanML3D [57] 7 7 7
Motion-X [62] 7 7 7
Humanoid-X (Ours) 3)

TABLE V: Comparison of Humanoid-X and other human datasets.

Part of Speech| Vocabulary Size

Verbs 3206 0.48
Nouns 6048 @b
Adjectives 1526

Adverbs 590

Others 527

Total | 11897

TABLE VI: Vocabulary Sizes for Each Part of Speech.

aligns with our guidelines, which emphasized brevity while
maintaining descriptive accuracy.

Vocabulary Analysis. To gain deeper insights into the
linguistic composition of video captions, we conduct a
comprehensive analysis of different parts of speech, focusing
on nouns, verbs, adjectives, and adverbs. This grammatical
categorization helps understand how motions and actions are
described in our dataset. table VI presents the vocabulary
size distribution across these grammatical categories, pro-
viding a quantitative view of the linguistic diversity in our

annotations. The analysis reveals the richness of descriptive Fig. 5: Video Length
elements used in capturing robot motions and their contextual 0.48
information. (@b

For verbs, the word cloud and the top-40 frequent words
are shown in g. 8. It can be seen that verbs like “doing”,
“standing”, “playing”, “holding” and “performing” occur
with a relatively high frequency. This implicitly matched the
expectation since these words are heavily used as the prompt
for video collection.

For nouns, the word cloud and the top-40 frequent words
are shown in g. 9. The top 3 frequent words occurred are
“man”, “person” and “woman”. This is also expected given
the prompt for caption since it is speci cally mentioned that
the description should indicate what the man or woman is
doing.

For adjectives and adverbs, their word cloud and top-40
frequent words are shown in g. 10 and g. 11. It can been
seen that most frequent adverbs are mostly about direction
of motions and most frequent adjectives are mostly above
color. This is cause by the fact that we explicitly instruct
the Video-LLaMA to be concise so that there would not be Fig. 6: Captioning Sentence Length

redundant words for non-motion-related contents. ) o ) )
Fig. 7: Distribution of video length (in seconds) and cap-

|. Data Preparation and Release tioning sentence length (in words), with the dotted line

. . representing the average length.
We will fully release our data and code in the future, P g g g

without violating the ethics concerns stated in appendix .



Fig. 8: VerbsWord Cloud and Top-40 Frequektrbs

Fig. 9: NounsWord Cloud and Top-40 FrequeNouns

Fig. 10: AdjectiveswWord Cloud and Top-40 FrequeAdjectives



Fig. 11: AdverbsWord Cloud and Top-40 FrequeAdverbs

J. Data examples from Humanoid-X Dataset rate of the encoder. Eacl; is subsequently quantized

We show visualized data examples from Humanoid-X ithrough the codebook inté 2 C by selecting the nearest
g.13, g.14, g. 15, g.16, g.17, g. 18, g. 19, g. 20, codec, 2 C, which can be formally expressed as:
g. 21, g. 22, g. 23, g. 24. For motion video clips, we 2= arg mnkz Cyko: 9)
sample 5 frames from each video clip shown. For text, we cn2C
directly present the text descriptions of the motions showikingjly, the decodeD reconstructs the original input se-
For the human pose, we sample the SMPL visualization ‘hfuence aX e = D(Z). The temporal downsampling enables
the corresponding frames in the video clip. For the humanoighch code in the codebook to represéninput tokens,
pose, we set the humanoid keypoints in MuJoCo and concoding primitive humanoid motion skills and facilitating
lected the MuJoCo-rendered images of the correspondipge generation of smooth actions.
frames in the video clip. For humanoid actions, we render | general, UH-1 Action Tokenizer is optimized by mini-
the humanoid control policy rollout in IsaacGym and colleciyizing a standard objective function:
the rendered images of the corresponding frames in the video
clip. quvae: Lrecont Lembedt L commit (20)
Lrecon= L1(X; X re); (11)

K. Dataset Comparisons
Lembea= ksdZ]  Zko;Leommit= KZ  sdZlk:  (12)

We compared our Humanoid-X datasets with other human
datasets in Table V. As a dataset on real-world humanoid this formulation, is a hyperparameter that regulates the
robots, we believe Humanoid-X is unique and fundamerrelative in uence of each loss term, and[$gdenotes the
tally different from datasets on human modeling and undestop gradient operator. The embedding |bggpeqpromotes
standing: (1) Humanoid-X is thest large-scale humanoid the quantized codebook embeddings to move closer to the
robot datasets that contain diverse modalities not just humabntinuous output of the encoder, whilg,nmit encourages
models. (2) Humanoid-X collects robot actions from Internethe encoder to commit to particular codebook entries.
videos through an innovative pipeline, which has not been Given the unique properties of humanoid keypoints and
studied before. (3) Humanoid-X demonstrates the potentiattions, we propose an adjusted reconstruction lbggen
of large-scale humanoid robot learning, while prior workswhich integrates a forward difference loss and a root regu-

only focus on learning with small datasets. larization term:
L. UH-1 Action Tokenizer Li(X; X )+ La([ XJ; [ Xee)+ L1(X[2%0); (13)
For a given input sequenc® = [X1;Xz;:::;X7] With where and are hyperparameters for balancing the ad-

x¢ 2 R% (representing either a humanoid keypoint or an aggitional loss components, anfl ] represents the forward
tion), UH-1 Action Tokenizer is designed to reconstruct thigjifference operator.

sequence using a learnable codeb@k fci;co;:i:;eng

with ¢, 2 R% and a learnable autoencoder with an encodd¥: UH-1 Transformer

E and a decodeb. In this context,T denotes the number of We formulate the language-conditioned humanoid key-
input framesN the codebook sizeal; the dimension of input point or action generation tasks as auto-regressive pre-
tokens, andd, the dimension of the codes. For sequencéiction of the next codebook index. Formally, lef 2
reconstruction, the encod& maps the input sequence intof1;2; ;Ng[f Endg denote the current index to predict,
latent representationd = E(X) = [z1;2,;:::;z7=] With  s3;; 1 represent the preceding context of indices, dnd

z 2 R%, wherek represents the temporal downsamplinghe language instruction embedding encoded by CLIP [72].
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