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人形机器人控制发展历程
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人形机器人控制发展历程

简化主义时代

Model Predictive Control

Central Pattern Generator

Zero Moment Point

Passive Walking

Hybrid Zero Dynamics

Static Walking Reinforcement Learning

Imitation Learning

Online Learning

Virtual Model Control

Whole Body Control

优化主义时代 学习主义时代



人形机器人控制发展历程

零力矩点控制 模型预测控制 强化学习控制

简化方法 优化方法 学习方法
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静态行走



人类行走



倒立摆模型

cost of transport (CoT): 
energy used

weight  distance traveled

Andy Ruina
Cornell University

Srinivasan, Manoj, and Andy Ruina. “Computer optimization of a minimal biped model discovers walking
and running.” Nature 439.7072 (2006): 72-75.



倒立摆模型



倒立摆模型
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倒立摆模型
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被动行走

Collins, S., Ruina, A., Tedrake, R., & Wisse, M.

(2005). Efficient bipedal robots based on passive-
dynamic walkers. Science, 307(5712), 1082-1085.

Gliders+Engines→Airplanes

Passive walkers+Actuators→Human-level robot



被动行走



被动行走

Bhounsule, P. A., Cortell, J., Grewal, A., Hendriksen, B., Karssen, J.

D., Paul, C., & Ruina, A. (2014). Low-bandwidth reflex-based

control for lower power walking: 65 km on a single battery

charge. The International Journal of Robotics Research, 33(10),

1305-1321.

Ranger walks non-stop 65.2 km ultra-Marathon
on May 1-2, 2011



落脚点控制

Three-part controlThe neutral point



落脚点控制

≈ 0.2 m

≈ 1 m

PUSH!

PUSH!

Balance with only 
ankle torque

Balance strategies for a biped:

1) Apply ankle torques. Base of support diameter up to 0.2 m

2) Bend the upper body/spin arms. 

Effective base of support up to 0.02 m

3) Foot placement. Effective base of support up to 1 m

Therefore robust balance = fast stepping.

How to select step location?

- Take step in the falling direction

- Falling faster, taking bigger step

It’s better to take a step!



落脚点控制
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(1) Raibert heuristic (Marc Raibert) (2) Capture point   (Jerry Pratt) (3) SIMBICON  (KangKang Yin)

LFPC (linear foot placement control): use a linear function of the body velocity
to determine the next foot placement.



落脚点控制

线性落脚点控制

稳定域：
faster stepping, 
easier to balance
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预测控制

2021



预测控制

行为库
Atlas 在跑酷中执行的每个动作都源自使用轨迹

优化提前创建的模板。给定感知的计划目标，机

器人从库中选择与给定目标尽可能匹配的行为。

模型预测控制
使用机器人动力学模型来预测其运动，控制器通

过优化来计算机器人现在要做的最佳事情，以应

对环境几何、脚滑或其他实时因素的差异。



预测控制



预测控制



预测控制



预测控制



预测控制



预测控制



预测控制

2023
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强化学习



强化学习

Deepmind 2017, Emergence of Locomotion Behaviours in Rich Environments

Simple reward may lead to unnatural behavior!

Reward for forward velocity Energy punishment



强化学习

Xue Bin Peng 2020, Learning Agile Robotic Locomotion Skills by Imitating

Animals

Imitation learning →   Follow a given reference motion

Mimic reward for 

trajectory tracking



强化学习



强化学习

Instruction Learning

Framework

Action Bounding

Technique



强化学习

Inspiration  from 

human learning



强化学习

Learn from scratch Learn by following instruction

Full action space Reduced action space

Require mimic reward No need for mimic reward

Purely reward-driven Reward and feedforward driven

You got 

a 

reward

I should 

do like 

that

Imitation 

Learning

Instruction 

Learning

I’m 

blin

d

Imitation 

Learning

vs.

Instruction 

Learning
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w me



强化学习

Instruction learning (INL) learns much faster than imitation learning (IML) 

Biped Quadruped



强化学习

原地踏步

Feedforward action Learned motion



强化学习

正常行走

Feedforward action Learned motion



强化学习

水平行走

Feedforward action Learned motion



强化学习

踢正步行走

Feedforward action Learned motion



强化学习

蛙跳

Feedforward action Learned motion



强化学习

单腿跳

Feedforward action Learned motion



强化学习 对前馈的适应性
Learned motion

Learned motion

Period * 0.88 Period * 1.26

Amplitude * 0.88 Amplitude * 2.08



强化学习



强化学习



强化学习



强化学习



强化学习



强化学习

利用遗传算法和强化学习，实现机器人结构参数和控制策略的协同进化

基于遗传算法的机器人结构参数更新

迭代
进化

基于强化学习的机器人运动控制



强化学习



强化学习



强化学习
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未来

简化主义时代

优化主义时代

学习主义时代

生成主义时代未来？



未来展望

ControlVAE: Model-Based Learning of Generative 

Controllers for Physics-Based Characters 

ASE: Large-Scale 
Reusable 
Adversarial Skill 
Embeddings for 
Physically 
Simulated 
Characters



未来展望



未来展望



未来展望

生成式
预训练

Sim2Real

真实开放环
境持续学习

多样化数据库
高保真化建模

虚实空间对齐
虚实差异补偿

持续在线学习
大小模型协同

人形机器人未来控制范式：生成式预训练 + 实物在线学习



未来展望



未来展望

斯坦福小镇

机器人环游世界

具身智能小镇
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