KU LEUVEN

Implementation of GGN and SCQP
methods via first-order Taylor
approximations

Alejandro Astudillo

Ph.D. researcher
MECO Research Team

August 4, 2021



Problem formulation

Optimization problem with
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Problem formulation
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Exact Hessian of the Lagrangian

By, = V2 L(wk, Ak, Bk)-
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Problem formulation

Optimization problem with o o _\T o
convex-over-nonlinear constraints Fiia (w: 'w) — f('w) = & Vf(’UJ) ('w = w)

First-order Taylor approximation

min,, ¢o(co(w))

sit. gi(w)=0 i=1,..p Trick in evaluation with the same symbolic variable
¢i(ci(w)) <0, i=1,..,q. f(w) = flin(w:w) = f(w)a
QP from SQP method Vf(w) :=Vf(w), — lin(f(w))
Vf(w) :=0
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Problem formulation

Optimization problem with o o o o
convex-over-nonlinear constraints Fiia (w: 'w) — f('w) = & Vf(w)T('w = w)

First-order Taylor approximation
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Problem formulation

Optimization problem with o o o o
convex-over-nonlinear constraints Fiia (w: 'w) — f('w) = & Vf(w)T('w = w)

First-order Taylor approximation

min,, ¢o(co(w))

w

- ;o Trick in evaluation with the same symbolic variable
s.t. gi(w) =0, 3 = Losuy P N =
¢1(Q(w)) S 07 ?’ = ]--.l iy Q° f(w) = fgin(ijU) — f(w)ﬂ
F(w) == — lin(f(w
QP from SQP method Z{ () ="V flou), (f(w))
1 W) =
mans, §3£Bk3k + Vo (wr) " s Vif(w):=0 —
s.t. Vgi(wk)Tsk +gi(wg) =0, i=1,..,p
Vb (wi) sk + ¥i(wg) <0, i=1,..,q. Ready to be solved with GGN
SCQP Hessian approximation min,, ¢o(lin(co(w)))
T .
BEO (w, ) 1= 22 020 g ) 221) st. lin(gi(w)) =0,  i=1,..p
ow ow . :
lin(¢i(ci(w))) <0, i=1,..,4q.
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Results

Tunnel-following NMPC for a Robot Manipulator
EaL i -0
0(1) — bre (6(7))
tr ||| er(a(r),8(r))
min / z(T) + ayl(7) + aylo(7) dr
0

(
u(7)
(

2
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Results

Tunnel-following NMPC for a Robot Manipulator
EaL i -0
0(1) — bre (6(7))
ta ||| er(a(r),8(r))
min / z(T) + ayl(7) + aylo(7) dr
0

(
u(7)
(

2

st. 0= fu(2(r),2(1),u(r)),
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Results

Tunnel-following NMPC for a Robot Manipulator

0(r) = B, (0(r)] ||
A|| a0
min / z(T) + ayl(7) + aylo(7) dr
: u(T)
I v(T) i
st. 0= fx(m(T):m(T)au(T))a
(r) = FelC(m), (7)),
r(r) < r(z(7),u(r)) < 7(7),
q(7) < q(7) <q(7),
lep(g(7), 8(T)II? < p* + U(7),

End-effector position
o Reference position
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Thank yout!

e-mail: alejandro.astudillovigoya@kuleuven.be
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Interaction aware trajectory planning for automated vehicles

The Problem
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Interaction aware trajectory planning for automated vehicles
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Interaction aware trajectory planning for automated vehicles

Video
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Parallel hybrid powertrain simplified model

Q) . .
g Differential ‘
Single gear

transmission Vehicle
Velocity

(v)
Mechanical coupler

How to control the system to minimize greenhouse emissions?

Fuel tank

Electric
motor (GB2)

Application problem — MPC



Model

T T d
FICEO GB (1) + B 6B, () — 5 parr Ay Cav(t) — (ucos(a) + sin(a)) (g (mv + NpNsmcen + _p>)

av(t) T PICE
dt h
my + NpNsmcell + ?EE
dSOC(t) 100 GB,(t)v(t)teL(t)
dt B Capcen Np Ns 7 ngp(t) u(t) 3600

2 3
Mce(t) = no(ay + by <% GB(U) + ¢ <% GB(t)> +d; <% GB(t)> Y(az + by (A) + (A% + dy(A4)3)

p p p

Where:
(6B Tex(©)
B P.(O)r

2 3
- ( (@GB@) (@63@) re (@Gm)) )
TlpT' in in

NeL(t) = LT (Tgr, v(t))

u(t) = Upem(aq + b (SOC(1)) + ¢, (SOC())% + d(SOC())3 + e (SOC()* + £,(SOC(1))°) ...

v(t)GB,(t)TEL(t)
NpNsr u(t)ngL(t)

Differential states
_[ v
x(8) = [SOC(t)
Algebraic states
Nice(t)
z(t) = [ ngL(®)
u(t)

Control actions

Tice(t)
a(t) = | tgL(t)
GB(t)



Optimization problem

_ CoeflJtN-l v(t)GB(t) Ticp(b)
min
woa T HV Jo  (nes(®) + €)

subject to

fimpl(x(t): z(t), a(t)) =0

Constraints:

U(t) = Vpep () Tice(t) =0

2.5 <u(t) <43 -200 < 7g () < 180

nee(OVOGBE®) _

1.15
r P~

0 < SOC(t) < 100

dt + (SOCiarget — SOCy)CapeenNpNs UnomCoef;

0< T]EL(t) <1

0<mce() <1

0<GB(t)<7

Differential states
_[ v
x(t) = [SOC(t)
Algebraic states
Nice(t)
z(t) = | ngL(t)
u(t)

Control actions

Tice(t)
teL(f)
GB(t)

a(t) =




Preliminary results
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IRTea goes TD3

Control demonstrater cartpole with RL (TD3)

Manipulated Variable

Xtarger 1arget velocity of speed
controlled step motor

Challenges

Continuous state space

Continuous action space

xtarget (k)
>

d?

dT=0.01 sec

Controlled Variable

X Cart position
X Cart velocity

Pendulum angle

[ Angular velocitry of
pendulum
Control Goal Translates to
Swing up -1
Maintain upright -1
position

Stay within available Barrier?
space

04.08.2021

Model Predictive Control and Reinforcement Learning |
Ahmed Elsaid Elkhashap, Eugen Nuss, Rudolf Popp, Thuc Anh Nguyen

I r t Institut fiir
Regelungstechnik



Control Problem (Maintain upright position)

If stays in boundaries : Reward =1 — x? + cos(0)? — x? — 92 , else Reward = —100
X
i i - K - Xearget — X —0.25m < xpn < 0.25m
S.L a T
o ¢ —12°<p<12°
@ .
m-g-L-sin : _
gz.] (w)—x-cos(q))—u-w
Procedure
« Matlab RL Toolbox (o)

« Training time > 3 h, not converged —

« Baseline3: Pythorch implementation RL oL e
 training time 10 Min Agent function
 train cardpole gym environmet (exercise 8)

« train IRT gym env -> not successful yet
« export agent Neuronal Network to Matlab to control demonstrater -> to do

=

2 Model Predictive Control and Reinforcement Learning |
Ahmed Elsaid Elkhashap, Eugen Nuss, Rudolf Popp, Thuc Anh Nguyen
04.08.2021

RWTH

Institut fiir
Regelungstechnik



Training in Simulink

DDPG TD3

|4 Reinforcement Leamning Episode Manager

& Reinforcement Leaming Episode Manager

- o
Episode Reward for RLyial with iDDPGAgent iRk gBrogres SflizAug:202 1122 45:08) Episode Reward for RLyial with riTD3Agent Training Progress ( 02-Aug-202122:01:34 )
1000 0
o . -
Epbodelinomaticy Episode Information
Episode Number 2000 Episode Number 2000
-1000
Episode Reward -1464.6639 Episode Reward P
4 Episade Steps 1 Enisode Steps 186
Episode Q0 362.0567 Episode Q0 -276.9516
Average Results I Total Number of Steps 339193
-500
z Average Reward -1561.5671
g o Average Results
If) -4000 Average Steps 13346 ‘Average Reward -384.3051
2 en < E Average Steps 13864
= Training Options F
-5000 Hardware Resource for Actor cpu S P AT AR T 100
Hardware Resource for Crilic cpu = Training Options
&
s Learn Rate for Actor 005 Hardware Resource for Actor cou
Learn Rate for Critic 04 Hardware Resource for Critic cpu
-7000
Maximum Number of Episodes 2000 -1000 (e (R AT L0t
FeliCaris Learn Rete for Critic 0.0001
inal Resul
il Maximum Number of Episodes 2000
Training Stopped by Maximum number of episodes
Maximum Steps per Episode 300
| . . . . . . . . | Training Stopped at Value 2000
-9000
0 200 400 600 800 1000 1200 1400 1600 1800 2000 §
Episode Number Final Results
e —
Plot Options Training Stopped by Maximum number of apisodes
)
now Episode QD ] Show Last N Epi Training Stopped at Value 2000
Elapsed Time 16972 sec
SETT nnn ann nnn

Model Predictive Control and Reinforcement Learning |

Ahmed Elsaid Elkhashap, Eugen Nuss, Rudolf Popp, Thuc Anh Nguyen

04.08.2021 Institut fiir

Regelungstechnik



Some results (1)

Reward =1 Reward =1 — x2% + cos(8)? — x2 — 62

4 Model Predictive Control and Reinforcement Learning | Rm
Ahmed Elsaid Elkhashap, Eugen Nuss, Rudolf Popp, Thuc Anh Nguyen I r nstitut fir
04.08.2021 Regelungstechnik




Some results (2)

Reward =1 —x? + cos(6)? — %% — 9?2
so = (0,0,m,0)T

5 Model Predictive Control and Reinforcement Learning | Rm
Ahmed Elsaid Elkhashap, Eugen Nuss, Rudolf Popp, Thuc Anh Nguyen I r nstitut fir
04.08.2021 Regelungstechnik




Learning point to point motions for robot
manipulators using RL

Johan & Ruan



Problem formulation

A State space:

§ = [QO7Q17QO7Q1]
H:arget (xay) q07q1 € (_777 7T]

q'07(.i1 < [_878]
::.\ q1 terr = Rcarget (iﬂ,y) - P(x)y)

P(z, v) Action space:
Continuous: ¢,,§; € (—1.0,1.0]

Reward:

2
@ r = —(||tex|]s + 0.5]|al|3)




Results

Continuous: Soft Actor Critic

World

0.0 1

01 00 01 02 03 04 05 06 07
X axis

References:

° Soft Actor Critic algorithm: https://stable-baselines.readthedocs.io/en/master/modules/sac.html

Force
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Time (k)

T
175

T
200

001+

Reward

0 25 50 75 100 125 150
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Mobile robot parking with
obstacles using RL

Federico Ulloa Rios

Santiago Iregui Rincon




Problem Formulation

Deterministic dynamics (Bicycle model)

(xr, yr)

Modified GYM Environment

+Vf=0

RERRCRERRRND . ....... (CEINRCIMCNCOERH

i
|

8] =] fele] [e]e]e[efe

/.

\
7N

e

L ; = Lidar data

to H R =—(|sr = st| - w)’ = 5%

e Continuous action and state space
e Off-policy learning actor critic
methods (SAC & TD3)



I {e S U ItS === TD3 New problem Training time @ i7-8850H & NVIDIA Quadro P600

e SAC New problem

J— : = 2h 50min
SAC Old probl = 30min
SAC Old problem problem
-10 1 |
0.9
-15 e
o -20 07
g-25 ® 06
S 30 6 05
o []
> o 04
& -35 8 03
-45 0.1
0
-50

-20k 0 40k 80k 120k 160k 200k 240k

) 0 40k 80k 120k 160k 200k 240k
Time steps

Time steps

SAC New problem

8
|



https://docs.google.com/file/d/12BdX-xrKg2Q7IDJEjvnDOFJnqV4SjFCz/preview
https://docs.google.com/file/d/1-cPCflfxqGQiID5SlHQZ2i6a1k419T7d/preview
https://docs.google.com/file/d/1jPBqLDnqzJKiTqkyfZ-h52kYiMsyCT7j/preview

Model Predictive Control and Reinforcement Learning

Quadrotor Control using MPC

Date: 04.08.2021

Sourish Pramanick
Niket Ahuja
Nayana Koneru



Problem Formulation

S = [x;y;Z;d);e:lp:u:er:p:q'r]T

u=[fu,1, Ty T,]"
N-1

C(s,a) = z (Sk - Sref,k)TQ(Sk - Sref,k) + a'Ra
k=0

&= p+11c(B)O)] + als(6)t(6)]
G = dle(g)] = 11o(o)

I, (((j)) " q (7{)))—{-7'
]) = =—1Tq A
(1 = ])7 + TJ+T! =
p= lipg 4 T +T“
U= Il‘_(]w_(I[ ( )] m

v =pw —ru—+ g[s(¢)c(f
W = qu — pv + g[c( ) (
& = w(s(¢)s(v) + c(P)c

m

]_+_f _fl

m

>]+f“’
)

N-1

min Z c(sy, ak) + E(sN)
s,a —
So = Sp
Sko1_ f (s ak)

A < T
—7=0=3
—-n<yYy<nm

—0.25 < ¢ < 0.25
—0.25 <6 <0.25

—0.25 <) < 0.25

O
M)e()s(0)] — vle(p)s(v) — c(v)s(¢)s(0)] + ule

(¥)c(0)]

3 — o)) + s8)s() 1—wuw4m—4m«m«m+uwm%wJ

2 = wle(p)c(d)] — u[s(8)] + ’l"[(f(())'”((/b)]




R eS u ItS 45 Linear Velocities 05 Angular Velocities
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Reinforcement Learning for Airborne Wind Energy Power

Optimization

Jochem De Schutter and Jasper Hoffmann
Systems Control and Optimization Laboratory, ALU Freiburg
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Simulation model

> system dynamics (ns = 3, n, = 1):

¥ = qrvad + ¢ cosb

p__Va
= lsianm¢
éz—UTWsinﬁ—i—%cosﬁ

» economic cost (“max. pulling force")

(s, a) = —Crv? + ay)?

Vy = Uy F cos O

M. Erhard, G. Horn, M. Diehl, A quaternion-based model for

Wind

| control of an airborne wind energy system, Z. Angew. Math. Mech. 97,

No. 1, 7-24 (2017)



Periodic optimal control

Optimal periodic orbit

1.50
" :
minimize = [ ¢(s(t),a(t))dt 1.25 4i
s(),a(),T g [ €00
0 :
subject to  § = f(s(t),a(t)), te€0,T], _ 1.00
= :
h(s(t),a(t)) >0, te][0,T] >
0.25 1
OOO T T T T T




Reinforcement learning

> Penalty-based constraint formulation (gym)

» Proximal policy optimization
(stable-baselines3)

» 10M time-steps, ticarn ~ 5h.
» |Cry| = 21.5kN = 23.8kN = |cocp|

Optimal policy rollout

~—- OCP




Reinforcement learning

Optimal policy rollout

> Penalty-based constraint formulation (gym) 1.50

» Proximal policy optimization
(stable-baselines3)

> 10M time-steps, ticarn ~ 5h.

~—- OCP




Reinforcement learning

Optimal policy rollout

> Penalty-based constraint formulation (gym) 150 3 :
» Proximal policy optimization 195 4 === 0OCP
(stable-baselines3) '
» 10M time-steps, ticarn ~ 5h. 1.00 -
£ 0754 s
= , o
0.50 17 §
N ————— O N e = ’/:
0.25 i :

OOO T T T T T




Reinforcement learning

> Penalty-based constraint formulation (gym)

» Proximal policy optimization
(stable-baselines3)

> 10M time-steps, ticarn ~ 5h.

Optimal policy rollout




Reinforcement learning

> Penalty-based constraint formulation (gym)

» Proximal policy optimization
(stable-baselines3)

> 10M time-steps, tjcamn ~ 5h.

Optimal policy rollout




Reinforcement learning

Optimal policy rollout

> Penalty-based constraint formulation (gym)

» Proximal policy optimization
(stable-baselines3)

> 10M time-steps, ticarn ~ 5h.

Future ideas:
» compare to economic MPC 7(s)
» learn stochastic wind model




Christian Leininger, Rudolf Reiter




Background ldea

- Game: Two cars: The ego car has better starting position, the opponent car
has a higher velocity limit.

« Goal: Preventing the opponent car from overtaking, while still racing and
avoiding obstacles.

« Design idea: Restrict the action space of an RL - policy to be safe by choosing
the actions to influence only the cost of an MPC, that satisfies constraints.

 Basically the MPC “hides” inside the environment
« The MPC cost consists of a parameterizable part and a fixed part

- Parameterizable part: Linear plane in the position states of the vehicle
- Fixed part: Quadratic cost to keep close to the middle part

« The opponent agent is simulated by just the MPC policy with a fixed cost
function

—



Implementation

 MPC:

“Hidden” in the RL environment

CasADi, to optimize for a trajectory

Perfect tracking is pretended

Trajectory followed for some steps until the RL policy changes the cost function
Circular shaped cars (point-masses) to keep it simple

Slack variables to stay feasible

Includes simple state estimation of the other agents trajectory (Not known to each
other!)

TDQ Truncated Mixture of Continuous Distributional Quantile Critics
Computes gquantiles of Q-value Function

Control over and underestimation

—



Aver_reward

20
16

12 |

eval_reward

20
16

1:2:4

0

100 200 300

£

400 500 600 700 800

1 |
"“l ‘(‘w ;f

Wiy
g

Works as expected!

Generalizes even to minor parameter
changes. (positions, bounds, dimension)

“Guaranteed safety” (to some degree)

Stability might be an issue for a tracking
controller




Thank you for
your attention!
Questions?




Non-prehensile Table Top
Manipulation

Flavia Acerbo, Tommaso Sartor, Ajay Sathya




Problem Formulation

Goal area
Xg =09 <x <1=2xepq

F Py
e

x0~U(—W, 0)
Fy~U(=0.2,0.2)

§ =X
A disk lies flat on a surface (0.7 friction) at a random initial position.

a=F €[0,10] The disk can be pushed on the x-axis with an impulse (continuous
force amplitude) at each time step.

We observe the next position after the disk has come to rest.

A stochastic disturbance modifies the force that is applied to disk.
The goal is to make the disk reach the border of the surface (where it
is possible to be grasped), without making it fall.

100, if xg < x < Xeng
=< —1000, if x> Xepg
X —Xg else



Results
"

e Implemented two approaches: MPC
and RL. -

e A2C algorithm: it learns to take big
actions when away from the border
and more cautious actions when
close (where disturbance can be
more influential)

e Using MPC, the controller failed
only in case of large model
discrepancy.

e Expected reward:

o MPC policy 98.45
o A2C policy: 99.41
o Random policy: -871

Learning Curve Smoothed

—100 A

—200 A

—300 4

Rewards

=500 A

—600 -

2500 5000 7500 10000 12500 15000 17500 20000
Number of Timesteps


https://docs.google.com/file/d/1HvR9IU_jpqjSrkRjPwMzVTBmjUhb0qvt/preview

Extra slides



rollout

) File Edit Selection View Go Run Terminal Help linear_A2C.py - 2021_SummerSchoolMPCRL [WSL: Ubuntu] - Visual Studio Code
E <+ @ linear_env.py M ® linear_debu 2 linear A2Cpy X

/ OPEN EDITORS

linear env.py

RL/Project/plannin...

mean_reward, std_reward = evaluate_policy(model, env, n_eval episodes=100)
print(mean_reward)

obs = env.reset()

done = False

env.set_render(

while done
action, states = model.predict(obs.reshape((1,)))
obs, rewards, done, info = env.step(action)
print(action)
print(rewards)
env.render()

v Project/planning_throug..

> docs
official_examples
> tmp

ignore

% flipper_debug.py
flipper_game.py
flipper_ocp.py

& TERMINAL
flipper_rlipynb

linear_A2C.py

linear_debug.py

[1.4376853

linear_env.py 2
’ ~0.003006553649%

linear_PPO.py

[0.03066856]
-0.0018148422241210938

[e-]

-0.0018278121948241965
[0.08011819]
100.009743309092099

> TIMELINE (summer2021) flavia@beleucfe2:

X WSL:Ubuntu  3° main* <3 Python 3.7.10 64-bit (summer2021': In63,Col 1 Spaces: 4

» pinball_debug.py

L Type here to search



https://docs.google.com/file/d/1ayatIqjtCwLw4ZGMEgqy-c5j9eyYVZQQ/preview

Tracking time-varying reference

-~

'
,~ rotating reference

Manipulated
disk

wall-disk contact has restitution coefficient of 0.9

Reward is a fuction of distance
between reference and manipulated disk

Episode is completed if disk is inside reference
shaded area for a given number of steps

Action space is a discrete 9x9 space
4 level of force in two plus no-op for each cartesian axis,
a pair of force fx, fy is applied at each step



Chasing reference - videos

heuristic a2c policy



https://docs.google.com/file/d/17hCiizcFC4Apu7p8dKhmwbmTAhLoxgeG/preview
https://docs.google.com/file/d/17hCiizcFC4Apu7p8dKhmwbmTAhLoxgeG/preview
https://docs.google.com/file/d/1mkIgF25LWTRGE0dzdxWSr8KcxN4c8ZEv/preview
https://docs.google.com/file/d/1mkIgF25LWTRGE0dzdxWSr8KcxN4c8ZEv/preview

RL approaches to the game 2048

Project by Hoang Dang & Mario Kantz



The Game 2048

e Solitaire game on 4x4 square grid

e Player can shove all tiles into a cardinal
direction, merging equal tiles to their sum

e Score is the sum of values of merged tiles

e Between each player action, another tile is
spawned (90% for 2, 10% for 4)

e Player may only shove into a direction if that
moves or merges at least one tile

e Game ends when no more moves are possible

e Termination is thus guaranteed after at most
131,070 player moves




Preliminary Results

e \We trained a DQN agent like in exercise 7
on an OpenAl gym domain of the game

e 16,50, 50, 4 nodes

e Training occurred in blocks of 1000
episodes on a running index n counting
completed blocks

e & =0.1/V(1+n), to be able in theory to
reach deeper parts of the game tree

e Performance capped at only ~ +10% of
random performance after ~5000 episodes




Q-LEARNING ON-POLICY FROM REIN-
FORCEMENT LEARNING IN MPC

ALVARO JAVIER FLOREZ MARTINEZ
ALEJANDRO ASTUDILLO VIGOYA

KU LEUVEN

MODEL PREDICTIVE CONTROL AND REINFORCEMENT LEARNING
SUMMER COURSE
FACULTY OF ENGINEERING, UNIVERSITY OF FREIBURG



PROBLEM DESCRIPTION

A parametrized MPC will be use to approximate the optimal policy and the value functions
N-1

Qo(s,a) = e Xo(zo) + YN Va(zn) + D v lo(zk, ur)
k=0

subject to To =S ug = a,
Tr+1 = fo(ok, uk),
ho (g, ur) <0

mo(s) = arg min Qg (s,a),  Va(s) = min Qo (s, a)
Sensitivity of fully converged MPC
VoQo(s;a) = VoLy(s,y")
Q-Learning
O =L(sk,ar) + "/GTL"‘lQe(Sk:+17 ap41) — Qo(sk,ax)

0 0 + a6, VoQo(sk,ap)



PROBLEM DESCRIPTION

A parametrized MPC will be use to approximate the optimal policy and the value functions

N N-1 N-1

Ao A @ T |Tk 1 k( 2 2 T )

T e Vo + 7 TNSNZN + Z f {uk:| + Z 57 [|lzkll® + [luk||® +w” ok
k=0 k=0

subject to To = S,

Tp1 = Az + Bug + b,

[_01] txz—op <mp < [ﬂ +Z+ oy,

o, >0,
—1<u, <1
where
0 = [V(ngvivbvaA?B]
Q-Learning

0 =l(sk,ar) +YVo(sk+1) — Qo(sk,ar)
0 <0+ adiVoQo(sk,ak)
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RESULTS
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How to train a
computer to

play advanced
air hockey?

BASIC GAME AUTOMATIZATION USING UNITY ENVIRONMENT
AND REINFORCEMENT LEARNING




First Approach: Self-Made DQN-Agent

DQN: Lecture code from exercise 8 adapted to
the unity environment and game scenario

State Space: 336 states, but
only 264 accessible

Action Space: 3x3 actions per agent

Training Idea: Train agent using DQN with the
opponent agent as random noise (actions)

Results:

D | cornde 18 x « @

Training step 78 reward 8,3540000021457672
Training step 79 reward 0.4222000017762184
Training step 88 reward 0.5588000254631042
Training step 81  reward -1,
Training step 82 reward -0,
Training step 83 reward -1,
Tralning step 64 reward 0.9
Training step 85 reward 0.9
Training step 86 reward -1.0
Training step &7 reward 0,38749993807997104
Training step 88 reward @

Training step 39 reward ©
Training step 90 reward -1.0
Training step 91  reward -1.0
Traceback (oost recent call last

awvwa

3
.2
.6

28999368396942

File , lne » in omadule
new_exp, = Trainer.generate_trajectories(env, q_net, NUM_NEW_EXP, epsilon=9.2)

File "D: Wodels'\mlagents\@earning.py”, line 196, in generate_trajectories
obs=dict_last_obs_from_agent[agent_id_terminated].copy(),

KeyError: 1

In [2]:

TPython congole  History
% 159 Python: ready ® conda: miagents (Python 3.7.10) e 190, Cal1 UTF-8 CRIF RW  Mem 11%

Training: Unsuccessful -> Error in the environment and python interface
Unity environment, not as straight forward to use in combination with python as expected

04.08.2021 PROJECT-MEMBER: NICK HARDER AND TIM FURMANN




Final Results: POCA vs. PPO

MA-POCA (MultiAgent Posthumous Credit

Assignement): Novel multi-agent trainier that

trains a centralized ciritc, a neural network that

acts as a ,coach” for a whole group of agents

=>Team rewards are included, the agents learn  For the Presentation we hopefully have results
cooperatively on a second screened PC

PPO (Proximal Policy Optimization) (remote work is today still not the best option)

=> Only single rewards are accounted for, the
agent learn only for themselves and team
efforts not additionally accounted for

04.08.2021 PROJECT-MEMBER: NICK HARDER AND TIM FURMANN
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(Optimal) Quadrotor Control

MPC vs RL
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1

Problem Formulation

mi = —(F1 + F2) sin(¢)
mij = (F1 + F2) cos(¢) —myg
I¢p=(F — )L

states: [m,y,d),a’c,g),d)]
control actions: [F1, Fa]

Y. Song*, M. Steinweg*, E. Kaufmann, D. Scaramuzza,
" Autonomous Drone Racing with Deep Reinforcement
Learning”, 2021

fon (m)

rosit

000 025 050 075 100 125 150 175 200
Xposition (m)



2 Results

Optimal control

minimize T

000 025 050 075 100 125 150 175 200
X-Position (m)

Reinforcement Learning
Stable baselines 3: SAC
Reward:

- negative distance to goal

- or 1/dist

- penalty on hitting sides

'Future work’: other reward choices...




ILQR-controlled
inverted pendulum

Yizhen Wang

Microsystems engineering



N—
1
{SN}{aN1ZE ][ ] +_SNPSN

subject to,
SO - S=0 0,
Sk+1 — [r(Spax) = =0, .,.N—1
For OCP,
N=20
where, Q=diag(103, 104, 102, 10?)
p
7] For LQR,
S = Y, ) a = [F] N=4
w Q= diag(102?, 103, 102, 102)
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