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Abstract

Recent robotic datasets have scaled generalist poli-
cies, but most lack strict metric constraints for precise ob-
ject placement. To address this, we introduce Keep the
Flow, a real-world bimanual humanoid dataset explicitly
designed for spatially constrained manipulation. We col-
lect these demonstrations via VR teleoperation on a Unitree
G1 humanoid equipped with three-fingered Dex3-1 hands,
covering both Single-row and Multi-row task formations.
To ensure high-precision annotations, an automated over-
head RGB-D verification loop filters out demonstrations
whose final placement error exceeds 2cm. Furthermore,
we develop an action-state-preserving visual augmentation
pipeline that combines SAM2-based object recoloring with
workspace grid removal.

1. Introduction

Practical arrangement tasks require more than semantic ob-
ject placement. Goal-directed manipulation can define final
scenes through object poses and inter-object relations [1],
while shelf replenishment requires insertion space, low dis-
turbance, and stability [2]. Thus, final-scene spatial config-
uration should be treated as an explicit evaluation target.
Meanwhile, robot learning has shifted toward scalable
data collection and general-purpose manipulation. Teleop-
eration systems support bimanual, mobile, dexterous, and
humanoid demonstrations [3-9], while large corpora and
high-DoF datasets cover diverse tasks, environments, em-
bodiments, and multimodal observations [10—16]. General-
ist robot policies exploit this data for language-conditioned
control across platforms [17-20]. However, many datasets
record trajectories without explicitly specifying where ob-
jects should end up or how they should relate.
Continuous-state and spatial-grounding work addresses
part of this issue: ARNOLD [21] moves beyond discrete
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Table 1. Dataset comparison. Representative manipulation
datasets and benchmarks are compared by robot data setting, ob-
ject final-state goals, and number of trajectories.

Robot Data Setting Object Final-State Goals
Real-world Dexterous Continuous Spatial

Dataset / Benchmark Trajectories Humanoid Hand Goal State  Constraints
ARNOLD [21] 10k X x v X
AgiBot World [16] M v v X X
RoboMIND [15] 19kt v v X X
ActionNet [13] 13k v v X X
Humanoid Everyday [14] 10.3k ' ' X X
Keep the Flow (Ours) 10.8k v v v v

*Mostly grippers and only a few dexterous hands.
f19k represents the humanoid-related data out of the total dataset.

object-state labels toward continuous object and goal states,
and spatial grounding methods study metric spatial reason-
ing, 3D-aware VLA representations, and robotics-oriented
supervision [22-24]. Yet real-world humanoid bimanual
demonstrations for precise dexterous arrangement remain
underexplored (Table 1).

We introduce Keep the Flow, a real-world humanoid bi-
manual manipulation dataset collected via VR teleoperation
on a Unitree G1 humanoid equipped with three-fingered
Dex3-1 hands for Single-row and Multi-row formations. An
overhead RGB-D verification loop removes demonstrations
exceeding a 2cm placement error, and SAM2-based [25]
object recoloring with workspace grid removal expands
the data 8-fold to 10.81k trajectories and roughly 7.79M
frames. Keep the Flow provides curated data for spatially
precise bimanual manipulation under goal-directed obstacle
rearrangement and metric inter-object spacing.

2. Dataset
2.1. System Setup

Our hardware platform consists of a Unitree G1 humanoid
robot equipped with Dex3-1 hands. The vision system in-
tegrates three RGB-D cameras: a head-mounted RealSense
D435i for an egocentric view, a wrist-mounted D405 for
close-up manipulation tracking, and an overhead D435i
for global workspace observation. For teleoperation, wrist
poses are processed using a Pinocchio-based IK solver [26],
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Figure 1. Task Overview. An overview of the task scenarios and dataset variations for the Keep the Flow dataset. The left panel illustrates
the task configurations, while the right panel details the parameterized axes of dataset variance and key properties of the task.

and finger motions are mapped via Dex-Retargeting [9] us-
ing a Meta Quest 3. To ensure manipulation stability, the
robot’s lower body remains in a fixed standing posture,
while the waist yaw tracks the operator’s head orientation
in real time.

2.2. Task Design

To capture complex, long-horizon trajectories, Keep the
Flow emphasizes a workflow across Single-row (S) and
Multi-row (M) setups, as illustrated in Fig. 1. First, precise
inter-object spacing imposes uniform-spacing placement,
requiring the system to manage relative distances between
items. Second, goal-directed obstacle rearrangement in M-
setups involves temporarily relocating front-row obstacles
to place targets in the back.

To systematically scale the volume and diversity of the
collected data under this task definition, we parameterize
the configurations across multiple axes:

* Object Diversity: The target object set O encompasses
3 distinct geometric shapes (Box, Cylinder, Hexagon)
across 4 colors (Red, Orange, Blue, Yellow).

 Spatial Variations: Spatial variations are rigorously reg-
ulated by modulating the target inter-object distance d €
{15, 20,25} cm within the grid layout.

* Grid Formation: Each data collection session requires
transferring N € {1,2, 3} objects from a cart to desig-
nated slotsina 1 x 3 or 2 x 3 grid formation.

* Arrangement Logic: Objects within the same row share
the same geometry but have different colors.

2.3. Dataset Processing & Properties

Data Augmentation: To prevent overfitting to visual ar-
tifacts, we first generate grid-free images by inpainting
grid lines segmented in HSV color space. We then seg-
ment target objects using SAM2 [25] and apply 3 distinct
mask-based color perturbations. By combining the two
environmental views (grid-present and grid-free) with the
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Figure 2. Overview of the Automated Verification Loop. The
system utilizes an overhead view and depth data to resolve parallax
and filter out spatially inaccurate demonstrations.

four object appearance states (one original and three color-
swapped), we expand the physical dataset volume 8-fold.
This encourages policies to rely on physically relevant ob-
ject features rather than grid-specific visual artifacts or spe-
cific color biases.

Verification Loop: The verification setup integrates an ex-
ternal top-down camera and a 1 cm grid sticker, which de-
fines the target coordinates Xareer (Fig. 2a). Through this
overhead view, the system detects the object’s top center
Xp Via image moments [27] and resolves parallax using
depth data to compute the true base center Xp,s. (Fig. 2b).
Samples with placing error e = ||Xpase —Xarget|| > 7 = 2cm
are automatically discarded (Fig. 2c).

Data Distribution. The dataset comprises 1.35k origi-
nal physical trajectories. To accurately reflect the sequen-
tial skills the policy must learn, these trajectories are de-
composed into 1,723 verified skill instances (980 from the
Single-row task and 743 from the Multi-row task). Finally,
applying the aforementioned visual augmentation expands
these original physical trajectories into eight visual variants.
This scales the final dataset to 10.81k trajectories and ap-
proximately 7.79M frames, ensuring extensive visual diver-
sity for robust policy training while preserving the original
action-state synchronization.
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