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Abstract

From locomotion to dexterous manipulation, humanoid
robots have made remarkable strides in demonstrating com-
plex full-body capabilities. However, the majority of cur-
rent robot learning datasets and benchmarks mainly fo-
cus on stationary robot arms, and the few existing hu-
manoid datasets are either confined to fixed environments
or limited in task diversity, often lacking human-humanoid
interaction and lower-body locomotion. Moreover, there
are few standardized evaluation platforms for benchmark-
ing learning-based policies on humanoid data. In this
work, we present Humanoid Everyday, a large-scale and di-
verse humanoid manipulation dataset characterized by ex-
tensive task variety involving dexterous object manipula-
tion, human-humanoid interaction, locomotion-integrated
actions, and more. Leveraging a highly efficient human-
supervised teleoperation pipeline, Humanoid Everyday ag-
gregates high-quality multimodal sensory data—including
RGB, depth, LiDAR, and tactile inputs—together with nat-
ural language annotations, comprising 10.3k trajectories
and over 3 million frames of data across 260 tasks in 7
broad categories. In addition, we conduct an analysis of
representative policy learning methods on our dataset, pro-
viding insights into their strengths and limitations across
different task categories. For standardized evaluation, we
introduce a cloud-based evaluation platform that allows re-
searchers to seamlessly deploy their policies in our con-
trolled setting and receive performance feedback. By re-
leasing Humanoid Everyday along with our policy learning
analysis and a standardized cloud-based evaluation plat-
form, we intend to advance research in general-purpose
humanoid manipulation and lay the groundwork for more
capable and embodied robotic agents in real-world scenar-
ios. Our dataset, data collection code, and cloud evaluation
website will be released upon acceptance.

1. Introduction

Recent progress in humanoid robotics has significantly re-
duced the embodiment gap, enabling robots to perform dy-
namic activities such as running, dancing, and complex
full-body movements [3, 8, 11, 16]. However, collect-
ing humanoid manipulation datasets remains challenging.
It requires operating in both indoor and outdoor environ-
ments, executing a wide range of tasks, and leveraging the
humanoid form through bimanual coordination, full-body
motion, and human-centric interactions. Existing datasets
mainly target stationary arms or mobile platforms with sim-
ple grippers and wheeled bases [2, 5, 6, 12, 15]; even ego-
centric efforts like Humanoid Policy [14] emphasize repeti-
tive tasks with limited locomotion.

In this work, we introduce the Humanoid Everyday
Dataset, a large-scale collection of 260 tasks across 7 cat-
egories (see Figure 1) that captures full-body locomotion,
dexterous manipulation, and rich human-humanoid interac-
tions in diverse environments. Unlike prior datasets limited
in scope or simple settings [2, 6, 14], we accumulate more
comprehensive tasks across various environments, retaining
human supervision for data accuracy. We propose a multi-
processing teleoperation pipeline, re-engineered upon the
official Unitree teleoperation library and significantly im-
proved for large-scale, high-quality humanoid data collec-
tion. Our pipeline halves data collection time compared to
the official Unitree teleoperation system, while the control
delay decreases from 500 ms to 2 ms. At 30Hz, our pipeline
captures high-resolution sensor and action data from every
episode. We record each task with egocentric RGB video,
depth information, LiDAR scans, tactile and IMU informa-
tion, joint poses, joint actions, and natural language annota-
tions.

Our contributions are threefold: (1) a large-scale mul-
timodal humanoid manipulation dataset collected in di-
verse real-world scenarios with an optimized teleoperation
pipeline; (2) an analysis of representative policy learn-
ing methods on Humanoid Everyday, highlighting their



Figure 1. Humanoid Everyday Overview. Humanoid Everyday
covers 7 distinct categories of humanoid manipulation tasks with
rich multimodal information, and provides a cloud-based evalua-
tion platform for standardized policy deployment.

strengths and limitations across task categories; and (3) a
cloud-based evaluation platform that enables standardized,
reproducible, and collaborative research in humanoid ma-
nipulation.

2. Experiments
To understand how existing imitation learning approaches
perform in the context of humanoid manipulation, we
evaluate a variety of policies on our Humanoid Everyday
dataset, including Diffusion Policy (DP) [4], 3D Diffu-
sion Policy (DP3) [17], Action Chunking with Transform-
ers (ACT) [18], OpenVLA [9], π0-FAST [13], π0.5 [7], and
GR00T N1.5 [1]. We train these policies on our 30Hz hu-
manoid data until convergence. For VLA-based policies,
we adopt a two-stage finetuning strategy: we first fine-tune
on the full Humanoid Everyday dataset and then further
adapt each model to task-specific data from individual cat-
egories.

We conduct experiments across all seven task categories
in Humanoid Everyday. We present the results of these poli-
cies in Table 1, where each policy is evaluated over 10 trials
on seven tasks.

Overall, all the end-to-end imitation policies struggle in
humanoid manipulation tasks due to the high-dimensional
action space in our dataset (which is 28 DoFs in total).
In contrast, large VLA models demonstrate consistent and
stable performance on humanoid manipulation, benefiting
from pretraining priors that improve generalization, particu-
larly on Deformable Manipulation and Loco-Manipulation
tasks that require precision and robustness. In particular,
GR00T N1.5 achieves the strongest performance overall,
largely due to its extensive pretraining across multiple large-
scale humanoid datasets, which provides a powerful prior
well-suited for our diverse manipulation tasks.

Humanoid Everyday is a large-scale, diverse collec-
tion of humanoid manipulation tasks, comprising seven
main distinct categories including Basic Manipulation (ba-

Figure 2. Task category distribution. Humanoid Everyday spans
7 distinct categories of humanoid manipulation tasks, each con-
tributing to the overall diversity of the dataset.

sic object pick-and-place manipulation), Deformable Ma-
nipulation (interacting with cloths or other deformable
objects), Articulated Manipulation (operating hinged or
jointed structures), Tool Use (utilizing external objects to
achieve goals), High-Precision Manipulation (performing
difficult tasks requiring high accuracy), Human-Robot In-
teraction (engaging in cooperative actions with humans),
and Loco-Manipulation (combining locomotion and manip-
ulation) (see Figure 2). Our tasks are performed in indoor
and outdoor environments, involving complex interactions
with surrounding objects and dynamic settings. Addition-
ally, a portion of these tasks requires lower-body locomo-
tion, adding further diversity to the dataset. This variety in
environmental contexts enriches the collected data and sup-
ports the development of generalizable policies capable of
adapting to diverse real-world scenarios.

To further support the community, we introduce a cloud-
based evaluation platform that allows researchers to upload
their policies, execute them within our standardized real-
world environment, and receive detailed performance feed-
back. Unlike existing cloud evaluation systems that fo-
cus on robotic arms [19] or simulated agents [10], ours is
the first platform designed for humanoids, which aims to
lower the barrier to fair comparison and fosters collabora-
tive progress in humanoid robotics.

Category Task DP DP3 ACT OVLA π0F π0.5 GR00T

Artic. Rotate chair 100% 90% 100% 70% 100% 100% 100%
Tool Use eraser to wipe desk 0% 70% 0% 30% 40% 40% 0%
Basic Put dumpling toy into plate 30% 20% 70% 30% 60% 30% 80%
Deform. Fold towel on desk 0% 20% 0% 40% 20% 40% 50%
HRI Hand over dumpling toy 40% 40% 70% 60% 30% 40% 100%
Loco. Walk to grab door handle 30% 0% 0% 30% 10% 0% 30%
Precision Insert rose into vase 0% 0% 0% 10% 0% 0% 0%

Avg. 29% 34% 34% 39% 37% 36% 51%

Table 1. Success rates of imitation learning methods on the Hu-
manoid Everyday Dataset.
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