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Motivation

Manipulation Data Generation

◼ Guided by Expert Demonstrations

MimicGen (CoRL 2023)

DemoGen (RSS 2025)

◼ Without Expert Demonstrations

 Motion Planner Based

RoboTwin (CVPR 2025)GenSim2 (CoRL 2024)

 Reinforcement Learning Based

RoboGen

(ICML 2024)
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Is there a task generation framework for bimanual dexterous 

long-horizon manipulation that does not rely on expert 

demonstrations?
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Method

◼ Scene Setting

“Create new task scene"
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Tabletop-level

Scene Generation

Room-level

Scene Scaling



Method

Assets

Assets Attributes
Type Name (Box …)

Id Range (Box: 0-10)

◼ Scene Setting (Table-level)

Rigid or Articulated 

Assets Description

Bounding Box

Task Instruction: 

Close the box using the right hand. (Clear)

Design a new task. (Unclear)

Scene Configuration

Scene Description

Robot Initial Pose

Joint Initial State

Coordinate System

Reasoning

LLM

Scene Setting Code

_add_object(“Box”,0)

_set_object_state(“Box”,

pose=…,openness=…)

1. Which assets are used?

2. State definition?

box.openness<close_limit

(using the state obtained 

from the simulation 

environment)

3. Success criteria?
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◼ Scene Setting (Room-level)

Demonstration Generation
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◼ Demonstration Generation

Open or Close

Initial

Press

Pre-Pinch Pinch

Pre-Grasp Grasp

… (More States)Task

Arm Movements

Hand Operations

+



Method

◼ Demonstration Generation

Open Drawer

Block Storage

……

Grasp the handle Pull Open hand

Initial

(hand state)

Pre-grasp

(hand state)

Hand Action

Pre-grasp

(hand state)

Arm 

Movement

Constraints

Hand Action

Grasp

(hand state)

Grasp

(hand state)

Arm 

Movement

Constraints

Less is more — fine-grained instructions can be composed into diverse 

manipulation tasks!
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◼ Demonstration Generation

How can we define constraints to achieve motion planning with different objectives?

Pre-grasp

(hand state)
Pre-grasp

(hand state)

𝓕𝒂𝒄𝒕 = {𝑭𝒉𝒂𝒏𝒅} 𝓕𝒂𝒍𝒍

Grasp

(hand state)

𝐅𝐚𝐜𝐭 = {𝑭𝒉𝒂𝒏𝒅, 𝑭𝒄𝒖𝒑}

Move

Constraints

Constraints

Goal Constraints:

Path Constraints:

Move

Constraints

Grasp

(hand state)



Method

◼ Demonstration Generation

Applicable to articulated objects? Yes!

Openness: represent the degree of joint. 

The extraction of key points or axes corresponding to a specific openness value is automatically implemented.

Is there collision avoidance?  Yes!

Active Collision Avoidance Dynamic Collision Avoidance

Collision

Ignoring List: [Drawer] []



Method

◼ Demonstration Generation

STCR mechanism

hand_pre_pinch("right")

Generated Code

Constraints=[]

Constraints.append(…) 

Constraints.append(…)

Move(Constraints)

hand_pinch("right")

Constraints=[]

Constraints.append(…) 

Constraints.append(…)

Move(Constraints)

hand_open("right")

Error Code

Segment Truncate

Run Code

Success

Success

Success

Success

Success

Fail
Grammar Error or Execution Failure

Combine

Valuable moment

Valuable moment

Resume

Root

Storage:

Executed Code

Storage:

Executed Code

Error
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◼ Demonstration Generation

Demonstration Generation
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(1) Selection

Starts from the root node and explores downwards to find the node

to expand.

(2) Expansion

Using the information stored in the exploration node, a prompt is

constructed and fed into the reasoning LLM to infer new executable

code. The newly generated code will also undergo STCR processing

to become a subtree.

(3) Backpropagation

Updates the visited number and reward based on intrinsic

exploration values, incentivizing valuable moments such as

successful grasps or stable object handling.
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Experiments

◼ Evaluation of Data Generation and Execution

Our framework outperforms RoboTwin in long-horizon and complex collision tasks, demonstrating

superior dexterous manipulation performance through dynamic collision management. On average, it

achieves an 81.37% higher success rate, while Robotwin fails in most long-horizon, highly collisional

tasks.



Experiments

◼ Effectiveness Evaluation of MCTS

MCTS improves reasoning success and plan diversity with minimal extra tokens,

enabling error correction and diverse strategy exploration in complex stacking

tasks.



Experiments

We provide evaluations of DP and DP3 on our

collected dataset.

◼ HGen-Bench Evaluation



Experiments

◼ Other experiments

Real-World Experiments

Automatic Asset Annotation

Additional Challenging 

Manipulation Tasks
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Conclusion

We propose a complete data generation framework for

bimanual dexterous manipulation.

• Home Page: https://openhumanoidgen.github.io/

• Code Project: https://github.com/TeleHuman/HumanoidGen

• Connect Me: jingzhi2021@qq.com
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