
three ideas inspired by biology 
for how to improve robotics

1. adaptation through 
evolution and learning  
 

2. mechanical intelligence
• the use of mechanics to 

reduce or eliminate the 
need for feedback control

3. parsimony
• simple and efficient 

solutions
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(the focus of this course)

! fundamental engineering 
processes used by biology

☹ “curse of dimensionality” 

! “shortcut”: look directly to 
biology for inspiration, combine 
with engineering knowledge

 the approach emphasized in 
ME586 homework and projects
⇒
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Simulating a state-space system
Python simulation
import numpy as np 
import matplotlib.pyplot as plt 

k1 = k2 = k3 = m1 = c = 1 
m2 = 0.1  
dt = 0.01 

time = np.arange(0, 5, dt) 
q_data = np.zeros((len(time), 4)) 
q = np.array((0, 0, 0, 0)) 
def f(q, u): 
     return np.array(( 
         q[2],  
         q[3], 
         -(k1+k2)/m1*q[0] + k2/m1*q[1], 
         k2/m2*q[0] - (k2+k3)/  
             m2*q[1] - c/m2*q[3] + k3/m2*u)) 

for idx, t in enumerate(time): 
    u = np.cos(10*t) 
    q = q + dt * f(q, u) 
    q_data[idx,:] = q 
plt.plot(time, q_data[:,0:2]) 
plt.legend(('car displacement (q1)',  
            'tire displacement (q2)'))

c

k3

m1 m2

q1

u(t)

q2

k2k1

basic task: repeatedly calculate state update: ← initial condition
← dynamics function

← update step

u

← store result



general form of differential equations

�

3KDVH�3RUWUDLWV���'�V\VWHPV�RQO\�
3KDVH�SODQH�SORWV�VKRZ��'�G\QDPLFV�DV�vector fields 	�stream functions
�
� 3ORW�F�x��DV�D�YHFWRU�RQ�WKH�SODQH��VWUHDP�OLQHV�IROORZ�WKH�IORZ�RI�WKH�DUURZV

phasepl ot ( ‘ dosc’ ,  . . .
[ - 1 1 10] ,  [ - 1 1 10] ,  0. 1,  . . .
boxgr i d( [ - 1 1 10] ,  [ - 1 1 10] ) ) ;

phase plots show 2D behavior

python: use ‘streamplot’  
function in Matplotlib



equilibrium points

x1

x2 = dx1/dt

Example: 



stability of equilibrium 
points

asymptotically stable

“stable” but not  
asymptotically stable

unstable





Stability of linear systems ·x = Ax

• linearization is stable       ⟹  nonlinear system locally stable
• linearization is unstable   ⟹  nonlinear system locally unstable

• “degenerate case”: if linearization is stable but not asymptotically stable ⟹ cannot 
tell whether nonlinear system is stable or not! 
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Local linear approximation is valuable for control design: 
• if dynamics are well-approximated by linearization near an equilibrium point, 

controller can ensure stability there (!) 
• controller task: make the linearization stable   

Local stability of nonlinear systems ·x = F(x)
• Theorem: linear system is asymptotically stable if and only if all eigenvalues  

of  have negative real part.
λ

A



to “linearize” around x = xe : 
1. find xe, ue such that f = 0
2. define

3. then

Linearization about an equilibrium point

•use linearization  
to design controller

big idea: if combined linearized system + controller is stable 
                ⟹ nonlinear system (incl control) is stable nearby

full nonlinear model linear model (honest!)



Jacobian linearization matrix 
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(xe, ue)



for " = 0.1, #≅(0.95, −1.05) ⟹ unstable

for " = 0.1, #≅(−0.05+i, −0.05−i) ⟹ stable



Model: rigid body physics 
• Sum of forces = mass * 

acceleration
• Hooke’s law: F = k(x – xrest) 

• Viscous friction: F = c v

22

example 2: matrix representation of a linear system

m1q̈1 = k2(q2 � q1)� k1q1

m2q̈2 = k3(u� q2)� k2(q2 � q1)� cq̇2

“State space form”

d

dt

⇤

⌥⌥⇧
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q2

q̇1

q̇2

⌅

��⌃ =

⇤
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⇥
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Matrix representation:



Upcoming/today

• Nonlinear dynamics and stability 
• state feedback and “reachability/controllability” 
• control and simulation of Newton-Euler Equations of 

motion 
• LQR control
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the control task
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controller+

�
[x, y, z position,  
x, y, z velocity, 

roll, pitch, yaw angles,  
roll, pitch, yaw rates] 

qd  (desired state)

eq (error)
system  

dynamics
q (system state)

u  (system input) 
[thrust force,  
roll torque,  

pitch torque]

sensors

y  (system output) 
“measurement” 

[roll, pitch, yaw rates (gyro),  
 x-optic flow, y-optic flow (optic flow camera),  

z-distance measurement (time of flight)]

estimatorq̂
<latexit sha1_base64="F6JvQ04h/cA+xACc4R4IiPLEEr0=">AAAB/XicbVA7T8MwGHR4lvIKj43FokJiqhIegrGChbFI9CE1UeU4TmvVsYPtIJUo4q+wMIAQK/+DjX+D02aAlpMsn+6+Tz5fkDCqtON8WwuLS8srq5W16vrG5ta2vbPbViKVmLSwYEJ2A6QIo5y0NNWMdBNJUBww0glG14XfeSBSUcHv9DghfowGnEYUI22kvr3vDZHOvECwUI1jc2X3ed63a07dmQDOE7ckNVCi2be/vFDgNCZcY4aU6rlOov0MSU0xI3nVSxVJEB6hAekZylFMlJ9N0ufwyCghjIQ0h2s4UX9vZChWRTYzGSM9VLNeIf7n9VIdXfoZ5UmqCcfTh6KUQS1gUQUMqSRYs7EhCEtqskI8RBJhbQqrmhLc2S/Pk/ZJ3T2tn9+e1RpXZR0VcAAOwTFwwQVogBvQBC2AwSN4Bq/gzXqyXqx362M6umCVO3vgD6zPH65klgc=</latexit>

(estimated state)

first step in control  
design: 
assume full state  
is known





: control.ctrb(A,B) and check rank with numpy.linalg.matrix_rank() 



x = 0 (assumes x are coordinates  
relative to location of equilibrium)


