
AA203
Optimal and Learning-based Control

Course overview; control, stability, performance metrics



Course mechanics

Teaching team:
• Instructors: Ed Schmerling (OH: W 11am-12pm; Project OH: W 4:30-5:30pm)

James Harrison (OH: M 10-11am; Project OH: Th 2-3pm)
• CAs: Matt Tsao and Spencer M. Richards (OH: Tu 4-6pm, Th 8:30-10:30am)

Logistics:
• Class info, lectures, and homework assignments on class web page: 

http://asl.stanford.edu/aa203/
• Forum: http://piazza.com/stanford/spring2021/aa203
• For urgent questions: aa203-spr2021-staff@lists.stanford.edu
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Course requirements 

• Homework: there will be a total of four problem sets
• Homework submissions: https://www.gradescope.com/courses/257531
• Final project (details on the course website)
• Grading:
• homework 60% (15% per HW)
• final project 40%
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https://www.gradescope.com/courses/257531


Course material

• Course notes: a set of course notes will be provided covering all the 
content presented in the lectures

• Recitations: Friday lecture sessions (F 10:30-11:50AM, weeks 2—5) led 
by the CAs covering relevant tools (computational and mathematical)

• Textbooks that may be valuable for context or further reference are 
listed in the syllabus 
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Prerequisites 

• Strong familiarity with calculus (e.g., CME100)
• Strong familiarity with linear algebra (e.g., EE263 or CME200)
• Familiarity with optimization (e.g., EE364a, CME307, CS269o, AA222)
• To get the most out of this class, at least one of:
• A course in machine learning (e.g., CS229, CS230, CS231n)

or
• A course in control (e.g., ENGR105, ENGR205, AA212)

Homework 0 (ungraded) is out now to gauge preparedness.
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Today’s Outline

1. Context and course goals

2. State-space models

3. Problem formulation for optimal control 
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Feedback control

3/31/21 AA 203 | Lecture 1 8

System

• Tracking a reference signal

Controller

Sensor

ΣReference Control Output

–

Measurement

+



Feedback control

3/31/21 AA 203 | Lecture 1 9

Furnace/
home

• Tracking a reference signal

Controller

Thermometer

Σ

Thermostat
setting

Gas flow 
rate

Room 
temperature

–

Measured 
temperature

+



Feedback control
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Reinforcement learning
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Feedback control desiderata
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• Stability: multiple notions; loosely system output is “under control”

• Tracking: the output should track the reference “as closely as possible”

• Disturbance rejection: the output should be “as insensitive as possible” 
to disturbances/noise

• Robustness: controller should still perform well up to “some degree of” 
model misspecification



What’s missing?
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• Performance: mathematical quantification of the above desiderata, 
and providing a control that best realizes the tradeoffs between them

• Planning: providing an appropriate reference trajectory for the 
controller to track (particularly nontrivial, e.g., when controlling 
mobile robots)

• Learning: a controller that adapts to an initially unknown, or possibly 
time-varying system



Course overview
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Course goals

To learn the theoretical and implementation aspects of main 
techniques in optimal and learning-based control

To provide a unified framework and context for understanding and
relating these techniques to each other
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Today’s Outline

1. Context and course goals

2. State-space models

3. Problem formulation for optimal control 
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Mathematical model

Where
• are the state variables
• are the control inputs
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ẋ1(t) = f1(x1(t), x2(t), . . . , xn(t), u1(t), u2(t), . . . , um(t), t)

ẋ2(t) = f2(x1(t), x2(t), . . . , xn(t), u1(t), u2(t), . . . , um(t), t)

...
...

ẋn(t) = fn(x1(t), x2(t), . . . , xn(t), u1(t), u2(t), . . . , um(t), t)

x1(t), x2(t), . . . , xn(t)



Mathematical model

• a history of control input values during the interval 𝑡!, 𝑡" is called a 
control history  and is denoted by u
• a history of state values during the interval 𝑡!, 𝑡" is called a state 

trajectory and is denoted by x
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In compact form 



Illustrative example
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• Double integrator: point mass under 
controlled acceleration

<latexit sha1_base64="nJ+Hpg4aKMHnO24hWQ5MqzN+tmo=">AAACPHicbVA9SwNBEN2LXzF+RS1tFoNgFe5E1EYI2lhGNB+QO8Le3iRZsrd37O4Fw5EfZuOPsLOysVDE1tpNcqBJHBh4vPeGmXl+zJnStv1i5ZaWV1bX8uuFjc2t7Z3i7l5dRYmkUKMRj2TTJwo4E1DTTHNoxhJI6HNo+P3rsd4YgFQsEvd6GIMXkq5gHUaJNlS7eOf60GUi9UOiJXsYYTeINFbYdado4IIIftVLPO8fjK1kxtUuluyyPSm8CJwMlFBW1Xbx2eyiSQhCU06Uajl2rL2USM0oh1HBTRTEhPZJF1oGChKC8tLJ8yN8ZJgAdyJpWmg8Yf9OpCRUahj6xmnu66l5bUz+p7US3bnwUibiRIOg00WdhGMd4XGSOGASqOZDAwiVzNyKaY9IQrXJu2BCcOZfXgT1k7JzVnZuT0uVqyyOPDpAh+gYOegcVdANqqIaougRvaJ39GE9WW/Wp/U1teasbGYfzZT1/QOIY6+G</latexit>
ṡ
v̇

�
=


v
a

�

<latexit sha1_base64="K3XaKAfNvB5EoBHh2kvHCPJTM8g=">AAAB/HicbVDLSsNAFJ34rPEV7dLNYBHqpiQi6kYounFZwT6gDWUymbRDJw9mboQQ6q+4caGIWz/EnX/jpM1CWw9c7uGce5k7x0sEV2Db38bK6tr6xmZly9ze2d3btw4OOypOJWVtGotY9jyimOARawMHwXqJZCT0BOt6k9vC7z4yqXgcPUCWMDcko4gHnBLQ0tCqDnw/BqzqcIqvMdHNNIdWzW7YM+Bl4pSkhkq0htbXwI9pGrIIqCBK9R07ATcnEjgVbGoOUsUSQidkxPqaRiRkys1nx0/xiVZ8HMRSVwR4pv7eyEmoVBZ6ejIkMFaLXiH+5/VTCK7cnEdJCiyi84eCVGCIcZEE9rlkFESmCaGS61sxHRNJKOi8ihCcxS8vk85Zw7loOPfnteZNGUcFHaFjVEcOukRNdIdaqI0oytAzekVvxpPxYrwbH/PRFaPcqaI/MD5/ADBLkoU=</latexit>

s̈(t) = a(t)
<latexit sha1_base64="vsDpfYbw0s5cDF7qjMYBdSqobT4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzU0P1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo1Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A4J2M/Q==</latexit>s



Example system
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• Double integrator: point mass under 
controlled acceleration

<latexit sha1_base64="flqT2Aog0Ydch2+H2ooL8cHZJlo="></latexit>
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<latexit sha1_base64="vsDpfYbw0s5cDF7qjMYBdSqobT4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzU0P1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo1Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A4J2M/Q==</latexit>s

<latexit sha1_base64="TyXcqFgNA2GrXY068xjJgo+2db0="></latexit>
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<latexit sha1_base64="eZp7+jZlbemz76ABHvGyTfPFVeo=">AAACMHicbVDLSgMxFM34rPU16tJNsAgVocyIqBuh1oUuK9gHdErJpJk2NPMwuSOWoZ/kxk/RjYIibv0KM20VbT0hcDjnXu69x40EV2BZL8bM7Nz8wmJmKbu8srq2bm5sVlUYS8oqNBShrLtEMcEDVgEOgtUjyYjvClZze+epX7tlUvEwuIZ+xJo+6QTc45SAllrmhdMOIXF8Al3XS+4GgzzsYXzq4PSdOTcxaWv2Y6fuPi4N3W81TtWWmbMK1hB4mthjkkNjlFvmo55MY58FQAVRqmFbETQTIoFTwQZZJ1YsIrRHOqyhaUB8pprJ8OAB3tVKG3uh1D8APFR/dyTEV6rvu7oyXVJNeqn4n9eIwTtpJjyIYmABHQ3yYoEhxGl6uM0loyD6mhAqud4V0y6RhILOOKtDsCdPnibVg4J9VLCvDnPF0jiODNpGOyiPbHSMiugSlVEFUXSPntArejMejGfj3fgYlc4Y454t9AfG5xfJvqeS</latexit>

ẋ(t) = A x(t) +B u(t)



Example controller
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Let’s drive from [5, 0]T to [0, 0]T.

<latexit sha1_base64="vsDpfYbw0s5cDF7qjMYBdSqobT4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzU0P1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo1Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A4J2M/Q==</latexit>s

Proposal: use a linear feedback control law.
<latexit sha1_base64="ae5I/zIRVo4U8rv0LsEfsDw8Lnw=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBTUsiom6EohuXFewD2hAmk0k7ZPJgZlIsob/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7j5dyJpVlfRultfWNza3ydmVnd2//wDysdmSSCULbJOGJ6HlYUs5i2lZMcdpLBcWRx2nXC+9mfndMhWRJ/KgmKXUiPIxZwAhWWnLNKkY3qB66KZKojkLXR2PXrFkNaw60SuyC1KBAyzW/Bn5CsojGinAsZd+2UuXkWChGOJ1WBpmkKSYhHtK+pjGOqHTy+e1TdKoVHwWJ0BUrNFd/T+Q4knISebozwmokl72Z+J/Xz1Rw7eQsTjNFY7JYFGQcqQTNgkA+E5QoPtEEE8H0rYiMsMBE6bgqOgR7+eVV0jlv2JcN++Gi1rwt4ijDMZzAGdhwBU24hxa0gcATPMMrvBlT48V4Nz4WrSWjmDmCPzA+fwDpTpJu</latexit>

a = �kps� kdv
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� <latexit sha1_base64="8ogvw1X+LAUOwEUzVq0s53RyM1M=">AAACJnicbVDLSgNBEJz1GeMr6tHLYBCSg2FXRL0EYrwIXiKYB2RDmJ3MJkNmH8z0imHJ13jxV7x4iIh481OcTRbUxIKGoqqb7i4nFFyBaX4aS8srq2vrmY3s5tb2zm5ub7+hgkhSVqeBCGTLIYoJ7rM6cBCsFUpGPEewpjO8TvzmA5OKB/49jELW8Ujf5y6nBLTUzZVth/f7BRvbvQBi2yMwcNz4cTwuQBGXceEKn+Aqvi3+OImh25OxYjeXN0vmFHiRWCnJoxS1bm6i99DIYz5QQZRqW2YInZhI4FSwcdaOFAsJHZI+a2vqE4+pTjx9c4yPtdLDbiB1+YCn6u+JmHhKjTxHdybXqnkvEf/z2hG4l52Y+2EEzKezRW4kMAQ4yQz3uGQUxEgTQiXXt2I6IJJQ0MlmdQjW/MuLpHFass5L1t1ZvlJN48igQ3SECshCF6iCblAN1RFFT+gFTdCb8Wy8Gu/Gx6x1yUhnDtAfGF/fUPajMA==</latexit>✓
ẋ(t) = (A�BK)x(t)

◆



Analyzing stability
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<latexit sha1_base64="+sOsE3JvYn+asvERgICsjhVJqlg="></latexit>
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<latexit sha1_base64="OvGjgjMavXHsL8wLo9kmB0XdE+g="></latexit>
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<latexit sha1_base64="fyUfaIGNX5HQL8k/sRq0TghJwdU="></latexit>
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<latexit sha1_base64="3i7t7uinihyaRJUgBwUo0GlROy0=">AAACKHicbVDLSgNBEJz1bXxFPXppDIIHjbtB1IsoevGoYFRIYpid7TVDZh/M9Kphyed48Ve8iCji1S9x8jj4Khgoqqrp6fJTJQ257oczMjo2PjE5NV2YmZ2bXyguLl2YJNMCqyJRib7yuUElY6ySJIVXqUYe+Qov/fZxz7+8RW1kEp9TJ8VGxG9iGUrByUrN4kGd8J7yuxZqhC7UlR0NOOzDZrsZwBZUNmCQABla34rXFdiEbctSm3KbxZJbdvuAv8QbkhIb4rRZfKkHicgijEkobkzNc1Nq5FyTFAq7hXpmMOWizW+wZmnMIzSNvH9oF9asEkCYaPtigr76fSLnkTGdyLfJiFPL/PZ64n9eLaNwr5HLOM0IYzFYFGYKKIFeaxBIjYJUxxIutLR/BdHimguy3RZsCd7vk/+Si0rZ2yl7Z9ulw6NhHVNsha2ydeaxXXbITtgpqzLBHtgTe2VvzqPz7Lw7H4PoiDOcWWY/4Hx+AQ0Qoss=</latexit>

where � = �kd/2, if k2d � 4kp = 0

or



Analyzing stability
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à exponential growth (> 0),
exponential decay (< 0),
or constant (=0)

<latexit sha1_base64="pHWUbBCwpQG+Y7afSQfrCVBUoTE=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkWom5KIqMuiG5dV7AOaUCbT23bo5MHMjbSE/IobF4q49Ufc+TdO2yy09cDA4Zx7uHeOHwuu0La/jcLa+sbmVnG7tLO7t39gHpZbKkokgyaLRCQ7PlUgeAhN5CigE0uggS+g7Y9vZ377CaTiUfiI0xi8gA5DPuCMopZ6ZtlFmGD6AFnVFTrWp2c9s2LX7DmsVeLkpEJyNHrml9uPWBJAiExQpbqOHaOXUomcCchKbqIgpmxMh9DVNKQBKC+d355Zp1rpW4NI6heiNVd/J1IaKDUNfD0ZUBypZW8m/ud1ExxceykP4wQhZItFg0RYGFmzIqw+l8BQTDWhTHJ9q8VGVFKGuq6SLsFZ/vIqaZ3XnMuac39Rqd/kdRTJMTkhVeKQK1Ind6RBmoSRCXkmr+TNyIwX4934WIwWjDxzRP7A+PwBxWKUQw==</latexit>

Re(�)

<latexit sha1_base64="HKMg5cJQrdNpMm69rpo0T7xxR8k=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkWom5KIqMuiG91VsA9oQplMJu3QySTM3EhLyK+4caGIW3/EnX/jtM1CWw8MHM65h3vn+AlnCmz72yitrW9sbpW3Kzu7e/sH5mG1o+JUEtomMY9lz8eKciZoGxhw2kskxZHPadcf38787hOVisXiEaYJ9SI8FCxkBIOWBmbVBTqB7D7K6y7XsQCfDcya3bDnsFaJU5AaKtAamF9uEJM0ogIIx0r1HTsBL8MSGOE0r7ipogkmYzykfU0FjqjysvntuXWqlcAKY6mfAGuu/k5kOFJqGvl6MsIwUsveTPzP66cQXnsZE0kKVJDFojDlFsTWrAgrYJIS4FNNMJFM32qREZaYgK6roktwlr+8SjrnDeey4Txc1Jo3RR1ldIxOUB056Ao10R1qoTYiaIKe0St6M3LjxXg3PhajJaPIHKE/MD5/AMPLlEI=</latexit>

Im(�)à sinusoidal oscillation

<latexit sha1_base64="VZF7ck40dnYcDeAJvz+nu52QSPA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK1hbaUDabTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZgOlIgEo2il+1E/7Fdrbt2dgSwTryA1KNDsV796YcKymCtkkhrT9dwU/ZxqFEzySaWXGZ5SNqID3rVU0ZgbP5+dOiEnVglJlGhbCslM/T2R09iYcRzYzpji0Cx6U/E/r5thdOXnQqUZcsXmi6JMEkzI9G8SCs0ZyrEllGlhbyVsSDVlaNOp2BC8xZeXyeNZ3buoe3fntcZ1EUcZjuAYTsGDS2jALTShBQwG8Ayv8OZI58V5dz7mrSWnmDmEP3A+fwBHJo3M</latexit>

kd

<latexit sha1_base64="AkcK83QA73n9niVRMEmmpquKNqE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh3E/6ZcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/dUrOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tOyYbgLb+8SloXVa9W9e4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gBZVo3Y</latexit>

kp
at least one eigenvalue has positive 
real part; system blows up
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<latexit sha1_base64="3i7t7uinihyaRJUgBwUo0GlROy0=">AAACKHicbVDLSgNBEJz1bXxFPXppDIIHjbtB1IsoevGoYFRIYpid7TVDZh/M9Kphyed48Ve8iCji1S9x8jj4Khgoqqrp6fJTJQ257oczMjo2PjE5NV2YmZ2bXyguLl2YJNMCqyJRib7yuUElY6ySJIVXqUYe+Qov/fZxz7+8RW1kEp9TJ8VGxG9iGUrByUrN4kGd8J7yuxZqhC7UlR0NOOzDZrsZwBZUNmCQABla34rXFdiEbctSm3KbxZJbdvuAv8QbkhIb4rRZfKkHicgijEkobkzNc1Nq5FyTFAq7hXpmMOWizW+wZmnMIzSNvH9oF9asEkCYaPtigr76fSLnkTGdyLfJiFPL/PZ64n9eLaNwr5HLOM0IYzFYFGYKKIFeaxBIjYJUxxIutLR/BdHimguy3RZsCd7vk/+Si0rZ2yl7Z9ulw6NhHVNsha2ydeaxXXbITtgpqzLBHtgTe2VvzqPz7Lw7H4PoiDOcWWY/4Hx+AQ0Qoss=</latexit>

where � = �kd/2, if k2d � 4kp = 0

or

system oscillatessystem drifts off

system exponentially 
converges to 0

system comes to a 
stop somewhere



Mathematical definitions of stability
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Many notions:
• Asymptotic stability
• Global: all trajectories converge to the equilibrium
• Local: all trajectories starting near the equilibrium converge to the 

equilibrium
• Exponential stability
• Same as asymptotic stability, but with exponential rate

• Marginal stability
• Bounded-input, bounded-output stability
• Lyapunov stability



Quantifying performance
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min

Z tf

0
kx(t)k22 + ku(t)k22dt

s.t. ẋ(t) = Ax(t) +Bu(t)

x(0) = x0



Quantifying performance
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Z tf

0
kx(t)k22 + ku(t)k22dt

s.t. ẋ(t) = Ax(t) +Bu(t)

x(0) = x0, x(tf ) = xf



Quantifying performance
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x(t)TQx(t) + u(t)TRu(t)dt

s.t. ẋ(t) = Ax(t) +Bu(t)

x(0) = x0, x(tf ) = xf



Quantifying performance
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min

Z tf

0
x(t)TQx(t) + ku(t)k1dt

s.t. ẋ(t) = Ax(t) +Bu(t)

x(0) = x0, x(tf ) = xf



Today’s Outline

1. Context and course goals

2. State-space models

3. Problem formulation for optimal control 
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Problem formulation
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• Mathematical description of the system to be controlled
• Statement of the constraints
• Specification of a performance criterion



Performance measure

• ℎ and 𝑔 are scalar functions
• 𝑡" may be specified or free
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Constraints

• initial and final conditions (boundary conditions)

• constraints on state trajectories

• control authority

• and many more...

3/31/21 AA 203 | Lecture 1 32



Constraints

• A control history which satisfies the control constraints during the 
entire time interval 𝑡!, 𝑡" is called an admissible control 
• A state trajectory which satisfies the state variable constraints 

during the entire time interval 𝑡!, 𝑡" is called an admissible 
trajectory 
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Optimal control problem

Find an admissible control u∗ which causes the system

to follow an admissible trajectory x∗ that minimizes the performance 
measure 
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Optimal control problem

Comments:
• minimizer (𝐱∗, 𝐮∗) called optimal trajectory-control pair
• existence: in general, not guaranteed
• uniqueness: optimal control may not be unique
• minimality: we are seeking a global minimum
• for maximization, we rewrite the problem as minu −𝐽
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Form of optimal control

1. if u∗ = 𝜋(𝐱 𝑡 , 𝑡), then 𝜋 is called optimal control law or optimal 
policy (closed-loop)
• important example: 𝜋 𝐱 𝑡 , 𝑡 = 𝐹 𝐱 𝑡

2. if u∗ = 𝑒(𝐱 𝑡! , 𝑡), then the optimal control is open-loop
• optimal only for a particular initial state value
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Discrete-time formulation

• System: 𝐱$%& = 𝐟 𝐱$ , 𝐮$ , 𝑘 , 𝑘 = 0,… ,𝑁 − 1
• Control constraints: 𝐮$∈ 𝑈
• Cost: 

𝐽(𝐱!; 𝒖!, … , 𝒖"#$ ) = ℎ" 𝐱" + ,
%&!

"#$

𝑔% 𝐱% , 𝐮% , 𝑘

• Decision-making problem:

𝐽∗(𝐱!) = min
𝐮!∈*,%&!,…,"#$

𝐽(𝐱!; 𝒖!, … , 𝒖"#$ )

Extension to stochastic setting will be covered later in the course
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Next class
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Introduction to learning;
System identification and adaptive control


