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Why one needs to review programs

in robotics and control now



General points

Over the past 15 years, research/technological agenda and best

practices have slowly drifted to and explored

• New problems in robotics that seem to be solvable.

• These problems are important in applications.

• These problems are indeed new and require new scalable

arguments

• These problems become motivating for students to enter the

topic
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Educational factors

Typical EDU programs contain various components such as

• Modelling and calibrating robotic systems

• Computational/analytic procedures for motion planning and

motion/robot/environment representation

• Computational/analytic procedures for motion/force control

and robot/environment surveillance

• Instrumentation/sensing/integration and lab training

• Exploration of dedicated applications

• . . .

Something online . . . AI-tools . . .

Each of components is constantly developing and

evolving at different pace!
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Economic factors are affecting EDU programs

• One year fee for an undergrad student at US private

universities is USD 50,000+ (plus 20.000 board)

One year fee for an an undergrad student at US public

universities is USD 20-40.000 (plus . . . )

The real costs depend on family income (it can be zero)

• Proportion of Profs to Students: 1 to 4-6 at best schools

• Often grad students are supported and do not pay fees

• PhD students are supported and do not pay fees

• Grants dictate the shape of research groups: Prof, Post-Doc,

few PhD-students, 4-8+ grad and undergrad students
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Why do students invest in studies?

Main reasons:

• Ambitious students are interested in academic career!

A salary of Prof is above average, work conditions are mild

and, if got tenure, then it is forever!

• Most of students believe that the degree will help to obtain a

good job! Top companies are always hiring from top schools

Even a particular class of a famous Prof listed in CV can

give advantages in getting new job!

• Students are looking for a creative academic environment

and ready to travel!
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Materials used for analysis



Universities and Professors

• Northwestern University, ME: Dr. Kevin Lynch, Head of ME,

Editor-in-Chief IEEE Transactions on Robotics

• University of Michigan, Robotics Institute: Dr. Jessy Grizzle,

Director

• Michigan State University, EE: Dr. Hassan Khalil, Distinguished

Professor

• University of Waterloo, CS (CA): Dr. Chris Nielsen, Director of

graduate studies

• Penn State University: Dr. Mark Latash, Distinguished Professor

• MIT, ME: Dr. Neville Hogan, Distinguished Professor

• . . .
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Web resources

• ABET (www.abet.org): At ABET, our purpose is to assure

confidence in university programs in STEM (science, technology,

engineering and mathematics) disciplines. . . We accredit college

and university programs in the disciplines of applied and natural

science, computing, engineering and engineering technology at the

associate, bachelors and masters degree levels . . . ABET is a

nonprofit, non-governmental organization . . .

• Univ. of Michigan, Robotics Institute (robotics.umich.edu):

Michigan is producing tomorrows robotics leaders. Our program is

already No. 2 in the nation . . . Students design, create, analyze,

and use embodied computational systems that interact with the

physical and human environment. They study robotics and its place

in the world, drawing on many fields of engineering, including

computer science, mechanical engineering, artificial intelligence,

computer vision, electrical engineering, control systems. . .
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Personal experience in lecturing

• NTNU: Robot Modeling & Control (25 lectures for 100+ students)

• NTNU: Advance Topics in Robotics (10 lectures for 15-20 students)

• 2018: Royal Institute of Technology (KTH), Sweden

• 2018: Dutch Institute of Systems and Control (DISC)

• 2018-2019: Laboratoire dInformatique, de Robotique et de

Microelectronique de Montpellier , Montpellier University and CNRS

• 2018: Doctoral school in Information Technology and Electrical

Engineering, Universita degli Studi di Napoli Federico II, Italy

• 2018-2019: Innopolis University, Russia

• 2019: Lund University, Sweden (tentatively agreed)

• 2019: Moscow State University, Russia (tentatively agreed)

St. Petersburg: April 22, 2019 9/27



Personal experience in lecturing

• NTNU: Robot Modeling & Control (25 lectures for 100+ students)

• NTNU: Advance Topics in Robotics (10 lectures for 15-20 students)

• 2018: Royal Institute of Technology (KTH), Sweden

• 2018: Dutch Institute of Systems and Control (DISC)

• 2018-2019: Laboratoire dInformatique, de Robotique et de

Microelectronique de Montpellier , Montpellier University and CNRS

• 2018: Doctoral school in Information Technology and Electrical

Engineering, Universita degli Studi di Napoli Federico II, Italy

• 2018-2019: Innopolis University, Russia

• 2019: Lund University, Sweden (tentatively agreed)

• 2019: Moscow State University, Russia (tentatively agreed)

St. Petersburg: April 22, 2019 9/27



Personal experience in lecturing

• NTNU: Robot Modeling & Control (25 lectures for 100+ students)

• NTNU: Advance Topics in Robotics (10 lectures for 15-20 students)

• 2018: Royal Institute of Technology (KTH), Sweden

• 2018: Dutch Institute of Systems and Control (DISC)

• 2018-2019: Laboratoire dInformatique, de Robotique et de

Microelectronique de Montpellier , Montpellier University and CNRS

• 2018: Doctoral school in Information Technology and Electrical

Engineering, Universita degli Studi di Napoli Federico II, Italy

• 2018-2019: Innopolis University, Russia

• 2019: Lund University, Sweden (tentatively agreed)

• 2019: Moscow State University, Russia (tentatively agreed)

St. Petersburg: April 22, 2019 9/27



MSc Robotics Program Sketch



MSc Robotics Program Sketch

• Semester 1

• Math and Control Background for Robotic Students

• Crash Course in Robotic: team work + minimal support

1. Recognize an object location by a camera and grasp it

2. Plan a behavior of a mobile robot to follow a path

3. Develop a linear feedback controller (PID) to (locally)

stabilize an upward posture of a segway at a given position

• Semester 2

• 2-3 elective courses out of 8+ in catalog (+ project work)

• Semester 3

• 2-3 elective courses out of 8+ in catalog (+ project work)

• Semester 4

• MSc thesis work
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MSc Robotics Program Principles

• Each faculty member runs one (or two) elective classes

1. Robot design, modeling and calibration

2. Linear control techniques for robotics

3. Computer vision

4. Nonlinear control techniques for robotics

5. Principles of biologically inspired robotics

6. Robotic tools for grasping and manipulation

7. Computational tools for robotics

8. Statistical tools, probabilistic robotics and sensor fusion

9. AI-tools. . .

• Crash course (Semester 1) is compulsory, run by 2-4 faculties and

1. Each team (3-4 students) generates reports for evaluation

2. For each of three tasks the student team members are new

3. The evaluation includes physical experiments and competition

between teams
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Discovering Robot Abilities



AI tools versus Phenomenological models

Artificial Intelligence methods are often

• focused on tasks for analysis such as classification and recognition

• run on discrete state automata (nodes, transition rules, constraints,

cost, policies etc.)

• enabled as event/observation driven searches (or walks) on a graph

• resulted in a high-level sequence (or a policy) of abstracted actions

Approach ⇒ Grasp ⇒ Re-orient ⇒ Insert ⇒ . . . ⇒ Action/Ability N ⇒ . . .
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Approach ⇒ Grasp ⇒ Re-orient ⇒ Insert ⇒ . . . ⇒ Action/Ability N ⇒ . . .

• How can the abstracted action plan be mapped to a sequence of

corresponding movement primitives of a given robotic system?

• Learning processes for humans are embodied, what do AI tools

suggest for a given robot?

St. Petersburg: April 22, 2019 12/27



AI tools versus Phenomenological models

Artificial Intelligence methods are often

• focused on tasks for analysis such as classification and recognition

• run on discrete state automata (nodes, transition rules, constraints,

cost, policies etc.)

• enabled as event/observation driven searches (or walks) on a graph

• resulted in a high-level sequence (or a policy) of abstracted actions

Approach ⇒ Grasp ⇒ Re-orient ⇒ Insert ⇒ . . . ⇒ Action/Ability N ⇒ . . .

• How can the abstracted action plan be mapped to a sequence of

corresponding movement primitives of a given robotic system?

• Learning processes for humans are embodied, what do AI tools

suggest for a given robot?

St. Petersburg: April 22, 2019 12/27



AI tools: representing a robot Ability
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AI tools: representing a robot Ability

Aggregation, merging . . . techniques in developing AI-models rely on

representations of robot actions or robot abilities . . .

negating time and converting it into order/events/state triggers
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AI tools: representing a robot Ability

Representations (or features) of a given robot ability can be

• Parametric: what are a mass/inertia of object, conditions of

contact, etc.?
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AI tools: representing a robot Ability

Representations (or features) of a given robot ability can be

• Coordinates dependent: how many of variables are important and

involved in its description?
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AI tools: representing a robot Ability

Representations (or features) of a given robot ability can be

• Constraint dependent: which physics driven constraints

(holonomic, non-holonomic, unilateral) are active for a behavior?
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AI tools: representing a robot Ability

Representations (or features) of a given robot ability can be

• Motion dependent: ranges, monotonicity, max values for

coordinates, velocities, accelerations, control torques for a feasible

behavior?

St. Petersburg: April 22, 2019 13/27



AI tools: representing a robot Ability

Representations (or features) of a given robot ability can be

• Feedback dependent:

• what quantities are measured?

• what variables are actuated?

• what are invariants induced by feedback? . . .
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AI tools: discovery of new Ability

How to find a similar Ability for new robot or new settings?
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AI tools: discovering new Abilities

Representation No. m ⇒ Class of behaviors
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AI tools: discovering new Abilities

⋂
m∈Ω

{
Class of behaviors of Repres. No. m

}
⊃ New Ability
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Representations of Recorded Motion of a Human

• Ankle joint is passive

• Knee/hip joints are actuated

• Hands/fingers/head/back flexibility

dynamics are all neglected

• For 3 dof q = [qp; qa1; qa2] the

dynamics are

M(q)q̈ + C (q, q̇)q̇ + G (q) =

 0

τ1

τ2


• For recorded motions we searched for

the feedback induced invariants

qa1(t) = φ1(qp(t)), qa2(t) = φ2(qp(t))
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Feedback induced invariants for recorded motions
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The following relations approximate well the sit-down motion

qknee = φ1(qp) ≈ −868.40q3
p + 3457.5q2

p − 4593qp + 2036.7

qtorso = φ2(qp) ≈ 269.9q3
p − 1077.1q2

p + 1438.7qp − 644.2

Here qp is the ankle angle.

We can differentiate the relations

q̇knee = φ′1(qp)q̇p, q̈knee = φ′′1 (qp)q̇2
p + φ′1(qp)q̈p,

The (passive) dynamics will define the decoupled diff. equation for the

variable qp(t) as

α(qp)q̈p + β(qp)q̇2
p + γ(qp) = 0
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The phase portrait of motion generator dynamics
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The blue curve corresponds to the recorded human behavior
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Human-Like Features for the Sit-Down Motion

• The reduced system has no equilibrium on the interval

[min qp,max qp] — the range of qp along the motion;

• For human sit-downs qp is a piece of periodic trajectory of the

reduced system;

• For the human motion qp has several distinctive sub-regions in a

sequel:

- first, qp accelerates reaching in short time the minimum value

of angular velocity,

- then, qp decelerates again in short time;

- after that qp reaches the almost steady-state behavior with

small constant negative derivative.

Solutions of the reduced dynamics with small offset exhibit

similar behaviors for approximately the same time interval
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Developing a Behavior for Humanoid Robot

• Ankle joint is passive

• All other joints are actuated

• For N-degrees of freedom

q = [qp; qa1 ; . . . ; qaN−1
]

the robot dynamics are

M(q)q̈ + C (q, q̇)q̇ + G (q) =


0

τ1

. . .

τN−1


• We search for (N − 1)-feedback invariants

qa1 = φ1(qp) , . . . , qaN−1
= φN−1(qp)
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Features of a searched motion of a robot

• the ankle angle decreases monotonically from 1.5 to 1 rad;

• the knee angle grows monotonically from 0.4 to 1.6 rad;

• the hip angle decreases monotonically from -0.4 to -1.6 rad;

• control torque for the ankle joint along a motion is zero

• control torque for the knee joint is limited to ±75 (Nm);

• control torque for the hip joint is limited to ±80 (Nm);

• time to complete the motion is ≈ 0.5 sec
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Features of a searched motion of a robot:

Introduce a family of relations

qai = k0i + k1i · qp + k2i · q2
p + k3i · q3

p, i = 1, . . . ,N − 1

and identify coefficients kij to meet the specifications

Lemma: The absence of equilibria of

α(qp, kij)q̈p + β(qp, kij)q̇
2
p + γ(qp, kij) = 0

for qp ∈ [1, 1.5] [rad] is equivalent to two conditions:

γ(qp, kij) 6= 0 and α(qp, kij) 6=∞

for any qp from this interval.
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Features of a searched motion of a robot:
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The phase portrait of the reduced system with one of choices of kij .
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A robot sit-down motion

Snap-shots of one of reconstructed motions performed in 0.55 sec
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Concluding remarks

• Learning/performing interaction abilities of robots is challenging

• Learning under constraints (underactuation) requires preliminary

steps in

• representation of behaviors

• alternative choices (movement dependent) of generalized or

excessive coordinates

• searching convenient sets of transverse coordinates (movement

dependent)

• Most of arguments are scalable:

• Cascaded representation for motion planning/control

θ(t) → [q1(t), . . . , qn(t)] = [Φ1 (θ(t)) , . . . , Φn (θ(t))]

• Model based representations for analysis and control:

M(q)q̈ + C (q, q̇)q̇ + G (q) = B(q)u +
∑
i

Fi → q(t)
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Educational perspectives:

New emerging topics in

• Modeling of dynamics of (underactuated) robots

• Model based motion representation and AI tools

• Model based motion planning for (underactuated) robots

• Model based motion control for (underactuated) robots

• Developing computational benchmarks, algorithms and labs
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