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Tutorial Roadmap

Talk Presenter Duration
v Markov Decision Processes — a unifying perspective on MPC and RL Jasper Hoffmann 20min
v Synthesis of Model Predictive Control and Reinforcement Learning Rudolf Reiter 30min
Reinforcement Learning over MPC: Why does it work? Dirk Reinhardt 30min
Differentiable NMPC with acados Katrin Baumgartner 20min
MPCRL with leap-c Jasper Hoffmann 20min

At the end of each talk there will be time for questions!

Tutorial webpage for slides
and more!
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https://www.syscop.de/event/predict-control-learn-combining-model-predictive-control-and-reinforcement-learning

Outline

Background: MPC, MDPs, and Model Fitting

MPC as a Model of the MDP Solution

Reinforcement Learning Tunes the MPC
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Model Predictive Control — Repeated

Planning

MPC: at current state s

N—-1
min  V(zn) + > Uk, ur)
o k=0

st. zpy1 = f(@k, uk)
h(zg,ux) >0, xg=s

apply action a = ug, then repeat
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»> Constraints oriented > Performance oriented
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Theoretical Framework to connect RL and MPC

Model Predictive Control Reinforcement Learning (RL)
» Model driven Connection? » Data driven
> Policies from planning » Optimal policies from learning
» Constraints oriented » Performance oriented
Connection? Solves MDP from data

Markov Decision Process (MDP)
» Framework to understand optimal policies
Stochastic, discrete-time problems

Extremely permissive mathematics

v vy

Powerful abstraction of real-world problems

We have connected MPC and RL from an “implementation” point of view
The theory behind is about the connection between MPC and MDPs
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Stochastic state transitions (real world)

sT ~ P(s,a)

> Policy
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]
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Impose hard constraints h (s,a) > 0?

[ L(s,a) if h(s,a)>0
l(s,a)f{ 00 if h(s,a) <0

Solution of an MDP is described by “Bellman”
equations (more in a bit), but solving them is very
challenging

A useful viewpoint: when closed-loop performance (1)
matters and real-world is uncertain, MDPs are what
we want to solve. MPC is a heuristic to deliver “good
enough” solutions, at low computational cost.

RLMPC: Why does it work?

Dirk Reinhardt, NTNU



MPC as an approximation of the MDP problem

Steps:

Original MDP problem
- k
*(s) = min E l A
V¥ (s) = mi LZ_OW’ (Sk, Ak)|
with So =s, Sg41 ~ P(- | Sk, Ak), A ~x(-| Sk).
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1. oo horizon — horizon N and V'
Approximation 1: finite horizon

N—-1
min E [vYV7™(Sn) + Z V*USE, AR,
™
k=0
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Approximation 2: nominal predictions ) .
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B N—-1 dynamics
mﬂ@nE 'yNV"(SN)-i- Z ’Ykl(SImAk) )
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MPC as an approximation of the MDP problem

Steps:

L . 1. oo horizon — horizon N and V
Approximation 3: open-loop action sequence ) .
2. stochastic model — nominal

N-1 d H
_ ynamics
min NV (zn) + D YUk, w), )
= 3. policy m — open-loop sequence

with x9 =s, zx11 = f(T, uk)-
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MPC as an approximation of the MDP problem

Steps:

1. oo horizon — horizon N and V
Deterministic MPC:

N-1 2. stochastic model — nominal
min YNV (en) + Y Y Uler, ur) dynamics
' k=0 3. policy m — open-loop sequence
st Tpy1 = f(a:k,uk)

To =S
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MPC as an approximation of the MDP problem

Deterministic MPC:

N-1
min ANV (zn)+ D vFUak, uk)
T, u k:O

st Tpy1 = for, ug)

To =S

Steps:
1. oo horizon — horizon N and V'
2. stochastic model — nominal
dynamics
3. policy m — open-loop sequence

MPC solves this problem online, applies
the first action, observes the next state,
and repeats.
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MPC as a policy

Deterministic MPC: MDP ) = a
No1 7% = argmin E Z'y 1(Sk, Ax)
i Ny k & k=0
min " V(en) + > V(e ur)
k=0 1
st xpy1 = f(ok, uk) d
xo =S » 0.5 7.-6\9‘9——9-6_9__9_0
MPC defines a policy: 0 :
aMPC (5) = ud
1
How does 7™PC relate to 7*? 0.5 1
3 0 - e
05 "
—1-5 T T T T
0 5 10 15 20
time step
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z,u
k=0 1
st o1 = f(xg, uk)
T =S w 0.5 4"\ e
MPC defines a policy: 0 :
aMPC () = uf
1
How does 7™PC relate to 7*? 0.5 1
s 0************%1*(8*) ***************
No reason to match: —0.5 4
» MPC model approximates stochasticity, -1 T T T T T
often deterministic 0 5 10 15 20
> Planning # policy for stochastic problems time step
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MPC as a policy

Deterministic MPC: MDP ad B
No1 7% = argmin E Z’y 1(Sk, Ax)
=, s
min YNV (en)+ D Uz, ur) k=0
z,u
k=0 1
st o1 = f(xg, uk) s
ro =S ® 0.5 r/—\,o——\',.
MPC defines a policy: 0 :
aMPC () = uf
1
How does 7™PC relate to 7*? 0.5 1
3 1 A = s S S S 4
(s
No reason to match: —0.5 4 (s)
» MPC model approximates stochasticity, -1 T T T T T
often deterministic 0 5 10 15 20
> Planning # policy for stochastic problems time step
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MPC as a policy

Deterministic MPC: MDP ad B
No1 7% = argmin E Z’y 1(Sk, Ax)
=, s
min YNV (en)+ D Uz, ur) k=0
z,u
k=0 1
st o1 = f(xg, uk) s
ro =S ® 0.5 *4/.—\/”"\'/'—.
MPC defines a policy: 0 :
aMPC () = uf
1
How does 7™PC relate to 7*? 0.5 1
3 (1 e p— s =
(s
No reason to match: —0.5 4 (5)
» MPC model approximates stochasticity, -1 T T T T T
often deterministic 0 5 10 15 20
> Planning # policy for stochastic problems time step
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MPC as a policy

Deterministic MPC: MDP ad B
No1 7% = argmin E Z’y 1(Sk, Ax)
=, s
min YNV (en)+ D Uz, ur) k=0
z,u
k=0 1
st o1 = f(xg, uk) s
To =S o 0.5 W
MPC defines a policy: 0 :
aMPC () = uf
1
How does 7™PC relate to 7*? 0.5 1
3 (1 e p——— S 4
(s
No reason to match: —0.5 4 (s)
» MPC model approximates stochasticity, -1 T T T T T
often deterministic 0 5 10 15 20
> Planning # policy for stochastic problems time step
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Learning for MPC - Machine Learning in-the-loop

MPC policy
wypc(s)
from model*, e.g.

1 = fo(Tr, ur)

!

S

Dirk Reinhardt, NTNU
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Learning for MPC - Machine Learning in-the-loop

é
MPC policy Machine-Learning
F&APC(S) a st,s,a adjust ¢ to fit model
i1 = fo(@h, uk)

from model*, e.g.
to data Sk+15 Sk, Ok

1 = fo(Tr, ur)

!

S

Dirk Reinhardt, NTNU
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Learning for MPC - Machine Learning in-the-loop

é
MPC policy Machine-Learning
TRIZIPC(S) a st,s,a adjust ¢ to fit model

from model*, e.g. 1 = fo(@p, uk)

Tpt1 = fo(@n, ug) to data sg41, Sk, ak

T |

s
“Machine-Learning” in-the-loop f4 from

> Physics-based: first principles + SYSID
» Neural Network: DNN, LSTM, TFT, ...
> Statistical: GP, Kernel ...
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Learning for MPC - Machine Learning in-the-loop

¢

l

MPC policy
TI_(I;/IPC(S)
from model*, e.g.

1 = fo(@p, uk)

!

s
“Machine-Learning” in-the-loop f4 from

> Physics-based: first principles + SYSID

» Neural Network: DNN, LSTM, TFT, ...

> Statistical: GP, Kernel ...

sT,s,a

Machine-Learning

adjust ¢ to fit model
1 = fo(@p, uk)

to data Sk+15 Sk, Ak

*any consistent predictor: extends to input-output,
multi-step, Koopman, etc...

RLMPC: Why does it work?
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Learning for MPC - Machine Learning in-the-loop

é
MPC policy Machine-Learning
W}ZIPC(S) a st,s,a adjust ¢ to fit model

from model*, e.g. ZTpt1 = folar, ur)

1 = fo(@p, uk)

!

s
“Machine-Learning” in-the-loop f4 from

> Physics-based: first principles + SYSID

to data Sk+15 Sk, Ak

> Neural Network: DNN, LSTM, TFT, ... *any consistent predictor: extends to input-output,

> Statistical: GP, Kernel ... multi-step, Koopman, etc...

Limitations of this paradigm

I hopefull,
» Open-loop prediction accuracy Jopeny, Closed-loop performance

» Ignores that MPC is a policy
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Learning for MPC - Machine Learning in-the-loop

¢

l

MPC policy - Machine-Learning
TI_(I;/IPC (s)

st,s,a adjust ¢ to fit model

from model*, e.g. ZTpt1 = folar, ur)

1 = fo(@p, uk)

s
“Machine-Learning” in-the-loop f4 from

to data Sk+15 Sk, Ak

RLMPC focuses on “breaking” these limitations

> Physics-based: first principles + SYSID RL plays a key role

» Neural Network: DNN, LSTM, TFT, ...

*any consistent predictor: extends to input-output,
. Iti- K
» Statistical: GP, Kernel ... multi-step, Koopman, etc

Limitations of this paradigm

- hopefull,
» Open-loop prediction accuracy Jopeny, Closed-loop performance

» Ignores that MPC is a policy

RLMPC: Why does it work? Dirk Reinhardt, NTNU



Outline

MPC as a Model of the MDP Solution

RLMPC: Why does it work?

Dirk Reinhardt, NTNU



Solving MDPs?

MDP
* —argmln E[

[ee]

>

1(Sk, Ag)

Bellman equations

V*(s) = mllinl (s,a) +yE[V* (ST) |s,4]

minimizer a for s gives the optimal policy

RLMPC: Why does it work?
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Solving MDPs?

Bellman equations

MDP V™ (s) :mﬂinl(s,a)Jr'yE[V* (S1) |s.q]

[ee]

™ = = argr min |:Z U(Sk, Ax)

minimizer a for s gives the optimal policy

A more expressive form

[e’e) So =S
Q*(s,0) =E | > +*USk, Ak)| Ao=a
k=0 Ag>o0 = 7 (Sk)

Remarks: the action-value function Q* is

» the optimal “cost-to-go” from state s if we force the first action to be a, and follow the optimal policy
after that
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Solving MDPs?

Bellman equations

MDP V™ (s) :mﬂinl(s,a)Jr'yE[V* (S1) |s.q]

[ee]

™ = = argr min |:Z U(Sk, Ax)

minimizer a for s gives the optimal policy

A more expressive form Q* (s,0) = 1 (s,a) + vE [V* (S+) ls, a]

(e} So =S * _ . *
Q* (s,a) =E | Y 4*1(Sk, Ar) Ag=a V¥ (s) = min Q" (s,a)
k=0 Ag>o0 = 7 (Sk)

m* (s) = argmin Q* (s,a)

Remarks: the action-value function Q* is

» the optimal “cost-to-go” from state s if we force the first action to be a, and follow the optimal policy
after that
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Solving MDPs?

Bellman equations

MDP V™ (s) :mﬂinl(s,a)Jr'yE[V* (S1) |s.q]

[ee]

™ = = argr min |:Z U(Sk, Ax)

minimizer a for s gives the optimal policy

A more expressive form Q* (s,0) = 1 (s,a) + vE [V* (S+) ls, a]

(e} So =S * _ . *
Q* (s,a) =E | Y 4*1(Sk, Ar) Ag=a V¥ (s) = min Q" (s,a)
k=0 Ag>o0 = 7 (Sk)

m* (s) = argmin Q* (s,a)

Remarks: the action-value function Q* is

» the optimal “cost-to-go” from state s if we force the first action to be a, and follow the optimal policy
after that

» the “whole” MDP solution
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Solving MDPs?

Bellman equations

MDP V™ (s) :mﬂinl(s,a)Jr'yE[V* (S1) |s.q]

[ee]

™ = = argr min |:Z U(Sk, Ax)

minimizer a for s gives the optimal policy

A more expressive form Q* (s,0) = 1 (s,a) + vE [V* (S+) ls, a]

(e} So =S * _ . *
Q* (s,a) =E | Y 4*1(Sk, Ar) Ag=a V¥ (s) = min Q" (s,a)
k=0 Ag>o0 = 7 (Sk)

m* (s) = argmin Q* (s,a)

Remarks: the action-value function Q* is

» the optimal “cost-to-go” from state s if we force the first action to be a, and follow the optimal policy
after that

» the “whole” MDP solution

» very expensive to compute if s,a are not “trivially small-dimensional”
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Solving MDPs?

Bellman equations

MDP V™ (s) :mﬂinl(s,a)Jr'yE[V* (S1) |s.q]

[ee]

™ = = argr min |:Z U(Sk, Ax)

minimizer a for s gives the optimal policy

A more expressive form Q* (s,a) = (s, a) +vE [V* (S+) |s, a]
o] So =S
Q*(s,0) =E | > 7" U(Sk, 4)| Ao=a
k=0 Ap>o =7 (Sk) m* (s) = argmin Q* (s,a)
a

V* (s) = min Q" (5,0)

Remarks: the action-value function Q* is

» the optimal “cost-to-go” from state s if we force the first action to be a, and follow the optimal policy
after that

» the “whole” MDP solution
» very expensive to compute if s,a are not “trivially small-dimensional”

» a “cornerstone” in Reinforcement Learning

RLMPC: Why does it work? Dirk Reinhardt, NTNU 11



MPC as a model of the MDP solution?

MDP optimal policy MPC policy TMPC (s) = u6 from

(o) N-1
T = argmln E Z U(Sk, Ar) min  V(zy) + Z Vel (@, ug)
— z,u
= k=0
is “solved” by Q* (s, a) st xpy1 = f(xk,uk), zo=s
1
E
« 0.5 *.-e-e.e_e_e__e__e_e
0
T
1
0.5
3 o — ]
—05 ™)
-l [ [ [ [
0 5 10 15 20

time step
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MPC as a model of the MDP solution?

MDP optimal policy MPC policy TMPC (s) = fu,6 from
> N-1
T = argmln E Z U(Sk, Ar) min  V(zy) + Z Vel (@, ug)
k=0 z,u
k=0
is “solved” by Q* (s, a) st xpy1 = f(xk,uk), zo=s
1
s
o (0.5 e
0
\
> Solving MDP = build Q* model oé
» MPC can model a value function... 3 .O ,kt!,(,,) ,,,,,,,,,,,,,,,,,,,,,,,,
s
» Can it model an action-value function? *0-? T
T [ [ [ [
0 5 10 15 20
time step
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MPC as a model of the MDP solution?

MDP optimal policy MPC policy aMPC (s) = ua from
[e’s} N-1
T = argmln E Z U(Sk, Ar) min  V(zy) + Z Vel (@, ug)
=0 o k=0
is “solved” by Q* (s, a) st xpy1 = f(xk,uk), zo=s
>
N_1 h(xk,’LLk) 70
VMPC (5) .= min V(zyx) + Z Vol(zg, ug)
x,u 1
k=0 s
st xp41 = f(zr,uk), To=s w 0.5 e
T
> Solving MDP = build Q* model oé
» MPC can model a value function... .O ,VT!,,() ,,,,,,,,,,,,,,,,,,,,,,,
s
P> Can it model an action-value function? *0-? 7
T [ [ [ [
0 5 10 15 20

time step
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MPC as a model of the MDP solution?

MDP optimal policy MPC policy TMPC (s) = fu,6 from

> N—-1
= argmln E Z U(Sk, Ar) min  V(zy) + Z Vel (@, ug)
k=0 T,u
k=0
is “solved” by Q* (s, a) st xpy1 = f(xk,uk), zo=s
>
N_1 h(xk,’LLk) _0
VMPC (5) .= min V(zyx) + Z Vol(zg, ug)
0 = 1
s
st Ty = f(mk,uk), To =S w 0.5 Je—r""®
\
_ Nl 1
QPIPC (s,a) :==min V(zN) + Z 'ykl(zk,uk) 0.5
o k=0 3 (EEme == —==ume =S4
st wpp1 = f@g, uk) —0.5 4 m(s)
h(zk,ur) >0 14 T T T T
e — 5w —a 0 5 10 15 20
0 ’ 0 time step
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MPC as a model of the MDP solution?

MDP optimal policy

oo

m* —argmlnE [Z 1(Sk, Ak)

is “solved” by Q* (s, a)

N-—-1

VMPC (5) .= min V(zyx) + Z Vol(zg, ug)
x,u
k=0
st xp41 = f(zr,uk), To=s

N-1
QYO (5,0) = min V(an) + 3 7¥i(ak, uk)
T, u
k=0
st xpi1 = f(zg, ur)
h(zk,ur) >0

To =S8, up=a

MPC policy 7P€ (s) = u} from

N-1
min  V(zx) + > Uy, ur)
’ k=0

st xpy1 = f(xk,uk), zo=s

MPC is consistent:
VMPC (5) = min QMPC (s, a)
a

7MPC () = arg min QMFC (s, a)
a

RLMPC: Why does it work?

Dirk Reinhardt, NTNU



MPC as a model of the MDP solution?

MDP optimal policy MPC policy aMPC (s) = ua from
[e’s} N-1
T = argmln E Z U(Sk, Ar) min  V(zy) + Z Vel (@, ug)
k=0 z,u =
is “solved” by Q* (s, a) st xpy1 = f(xk,uk), zo=s
N1 h(zg,ur) >0
MPC i T k
4 &) = r;’)ll’lfl Vizn) + ];) VU uk) MPC is consistent:
st zpp1 = f(or,uk), To=s VMPC (5) = min QMPC (s,a)
h(zk,u) >0 7MPC () = arg min QMFC (s, a)
a
N—1
QMPC (s,a) := min V(zn) + Z YU, ur) MPC is a complete MDP model if:
7 k=0 QMPC (s,a) = Q* (s, )
st apr1 = flor, ur) ’ ’
h (zg,ug) >0 for all s,a. Then optimality holds:
ro =S, uUp=a 7rMPC (s)=7r* (5)

RLMPC: Why does it work? Dirk Reinhardt, NTNU



MPC as a model of the MDP solution?

MDP optimal policy MPC policy ™FC (s) = u} from
> N—1
T = argmln E Z U(Sk, Ar) min  V(zy) + Z Vel (@, ug)
k=0 x,u
k=0
is “solved” by Q* (s, a) st xpy1 = f(xk,uk), zo=s
>
N_1 h(xk,’LLk) >0
VMPC (5) .= min V(zyx) + Z Vol(zg, ug)
x,u k:()
st Tpy1 = f(Tr,ug), o =5 Punchline: see MPC as a Q* model i.e. what we
h(zg,ur) >0 want to achieve is
QMPC (s,a) = Q* (s,a)
N—1
_ or at least
QMPC (5,0) i= min V(an) + 3 P*U(zk, ug)
= TMPC (5) x 7 (s)
s Try1 = fl@e ue) # fitting f to the real world
h(zk,ur) >0

To =S8, up=a

RLMPC: Why does it work? Dirk Reinhardt, NTNU



How to model Q* with MPC?

RLMPC: Why does it work?

Dirk Reinhardt, NTNU



How to model @* with MPC?

Classical view...

MPC: at current state s solve

N—1
min V (x l(zp,u
bt 7 ) ,;;; (T, uk)
st zpp1 = fo (Tk, ur)
h(zg,ur) >0
To =8
gives policy wg/IPC (s) =uf

Find ¢ such that prediction “fits”
the data

RLMPC: Why does it work? Dirk Reinhardt, NTNU



How to model @* with MPC?

Shift 1: focus on performance instead of fitting
> from: fy is a model for the system dynamics

» to: MPC is a model of the MDP solution

Classical view...

MPC: at current state s solve

N—1
min  V (zn) + kz_% ! (wk, wr)

st. Tpy1 = fo (xkvuk)
h(zg,ug) >0

o =S8

MPC (s) — u6

o)

gives policy 7

Find ¢ such that prediction “fits”
the data

RLMPC: Why does it work? Dirk Reinhardt, NTNU



How to model @* with MPC?

Shift 1: focus on performance instead of fitting
> from: fy is a model for the system dynamics

» to: MPC is a model of the MDP solution
Classical view... Shift to...

MPC: at current state s solve Find ¢ that “fits MPC to optimality” according to the data

_ N-1 (QMPC — Q* or at least #™MFPC — 717)
min  V (zn) + kz:; (@, k)

st. Tpy1 = fo (xk»uk)
h(zg,ug) >0

o =S8

MPC (s) — u6

o)

gives policy 7

Find ¢ such that prediction “fits”
the data
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How to model @* with MPC?

Shift 1: focus on performance instead of fitting

> from: fy is a model for the system dynamics
» to: MPC is a model of the MDP solution

Classical view...

MPC: at current state s solve

N-1

min V(on)+ 3 Lok, up)

k=0

st. Tpy1 = fo (xk»uk)
h(zg,ug) >0

o =S8

gives policy 7

MPC

o)

(s) = ug

Find ¢ such that prediction “fits”

the data

Shift to...

Find ¢ that “fits MPC to optimality” according to the data
(QMPC — Q* or at least 7MFC — 7*)

» — Best model for closed-loop performance

» £ Best model to fit the datal*

* Theorem 1 in Anand et al., " Optimality conditions for model predictive control: Rethinking

predictive model design.” Automatica (2026).

RLMPC: Why does it work?
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How to model @* with MPC?

Shift 1: focus on performance instead of fitting
> from: fy is a model for the system dynamics
» to: MPC is a model of the MDP solution

Classical view... Shift to...
MPC: at current state s solve Find ¢ that “fits MPC to optimality” according to the data
N-1 (QMPC — Q* or at least #™MFPC — 717)
in V ! (zk,
r;ll’il (@n) + I;) (@k, uk) » — Best model for closed-loop performance
> o 1%
st zpi1 = fp (Tn,ur) # Best model to fit the data!

o=
But this places "high demands” on f,

gives policy m}FC (s) = u

o)
Can we do better?
Find ¢ such that prediction “fits” * Theorem 1 in Anand et al., " Optimality conditions for model predictive control: Rethinking
the data predictive model design.” Automatica (2026).
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How to model @* with MPC?

Shift 1: focus on performance instead of fitting

> from: fy is a model for the system dynamics
» to: MPC is a model of the MDP solution

Classical view...

MPC: at current state s solve

N—-1
r;l,i’l{l Vzn)+ Z (g, uk)
k=0
st. Tpy1 = £ (xk»uk)
h(zg,ug) >0

o =S8

gives policy m}FC (s) = u

o)

Find ¢ such that prediction “fits”
the data

Shift to...

Find ¢ that “fits MPC to optimality” according to the data
(QMPC — Q* or at least 7MFC — 7*)

» — Best model for closed-loop performance

» £ Best model to fit the datal*

But this places "high demands” on f,

Can we do better? Yes!

* Theorem 1 in Anand et al., " Optimality conditions for model predictive control: Rethinking

predictive model design.” Automatica (2026).

RLMPC: Why does it work?
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How to model @* with MPC?

Shift 1: focus on performance instead of fitting

> from: fy is a model for the system dynamics

» to: MPC is a model of the MDP solution

Classical view...

MPC: at current state s solve

N-1

min V (zy) + Z l(xk,uk)

T

k=0

st xp41 = fo (Tr, uk)

h(:l‘k

ro =

gives policy 7

,’LLk) >0

s

MPC

o)

(s) = ug

Find ¢ such that prediction “fits”

the data

Shift to...

Find ¢ that “fits MPC to optimality” according to the data
(QMPC — Q* or at least 7MFC — 7*)

Shift 2: “holistic” parametrization

N-1
I;l’il? Vs (zn) + ’;) ly (Tr, uk)

st. Tpy1 = fo (B, ug), To=Ss
hg (@, ur) >0

real-world performance still assessed via [ and h

RLMPC: Why does it work?
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How to model @* with MPC?

Shift 1: focus on performance instead of fitting
> from: fy is a model for the system dynamics

» to: MPC is a model of the MDP solution

Classical view... Shift to...
MPC: at current state s solve Find ¢ that “fits MPC to optimality” according to the data
_ N-1 (QMPC — Q* or at least #™MFPC — 717)
min V (zn) + Z (g, ug)
x,u . . . . .
k=0 Shift 2: “holistic” parametrization
s.t. Tr+1 = f«“} (xk,Uk) = =l
‘ in Vi ly (g,
R m (o) 3 Lo an)

st. xpq1 = fy (T, ur), To=s

To =8
gives policy m}FC (s) = u he (zg, ug) >0
real-world performance still assessed via [ and h

Find ¢ such that prediction “fits” .
Intuitively ok... but does that make sense?

the data

RLMPC: Why does it work? Dirk Reinhardt, NTNU



“Holistic" parametrization - Formal justification

Full MPC parametrization:

N-—-1
T, Vs (n) + kz_% ly (Tr, ur)

s.t. Tpy1 = f¢ (l‘k, uk)
hy (T, uk) >0

o =S8

MPC (

gives policy ™ 5) = u§

RLMPC: Why does it work? Dirk Reinhardt, NTNU



“Holistic" parametrization - Formal justification

Full MPC parametrization: Theorem*: under some technical conditions and for a “rich”
il parametrization of the MPC, there is a ¢ such that
el 17 ) < kZ L (wk, uk) QYPC (s,a) = Q* (s,a)
=0
MPC
s)=n"(s

st Ty = fo (T, ug) (s) (s)

hy (T, ug) >0 even if the model f, cannot describe the real system accurately

o =S

gives policy TI'MPC (s) =ug

* Theorem 1 from Gros et al., “Data-driven economic NMPC using reinforcement learning,” IEEE Transactions on Automatic Control 65.2 (2019): 636-648.
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“Holistic" parametrization - Formal justification

Full MPC parametrization:

N-1
min Vo (@n)+ D 1y (p,u)
k=0
st g1 = fo (T, ug)
hg (@, ur) >0

o =S8

gives policy TI'MPC (s) =ug

Theorem*: under some technical conditions and for a “rich”
parametrization of the MPC, there is a ¢ such that

QYT (s,a) = Q" (s,a)
TP (s) = 7 (s)
even if the model f, cannot describe the real system accurately

Remarks

» Generic: works for robust MPC, stochastic MPC,
economic MPC, Multi-Step PC, etc.

* Theorem 1 from Gros et al., “Data-driven economic NMPC using reinforcement learning,” IEEE Transactions on Automatic Control 65.2 (2019): 636-648.

RLMPC: Why does it work?
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“Holistic" parametrization - Formal justification

Full MPC parametrization: Theorem*: under some technical conditions and for a “rich”
il parametrization of the MPC, there is a ¢ such that
191;1’151 Vi (zn) + kz lp (%, ugk) QMPC (s,a) = Q* (s,a)
=0
MPC
s)=7"(s

st g1 = fo (Tr, ug) (®) (*)

hy (T, ug) >0 even if the model f, cannot describe the real system accurately

=9 Remarks

gives policy TFMPC (8) = u} » Generic: works for robust MPC, stochastic MPC,

economic MPC, Multi-Step PC, etc.

» Sanity check: technical conditions are mild but forbid f,
to lead to non-finite V* under the resulting closed-loop

policy

* Theorem 1 from Gros et al., “Data-driven economic NMPC using reinforcement learning,” IEEE Transactions on Automatic Control 65.2 (2019): 636-648.
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“Holistic" parametrization - Formal justification

Full MPC parametrization: Theorem*: under some technical conditions and for a “rich”
il parametrization of the MPC, there is a ¢ such that
191;1’151 Vi (zn) + kz lp (%, ugk) QMPC (s,a) = Q* (s,a)
=0
MPC
s)=7"(s

st g1 = fo (Tr, ug) (®) (*)

hy (T, ug) >0 even if the model f, cannot describe the real system accurately

=9 Remarks

gives policy TFMPC (8) = u} » Generic: works for robust MPC, stochastic MPC,

economic MPC, Multi-Step PC, etc.

» Sanity check: technical conditions are mild but forbid f,
to lead to non-finite V* under the resulting closed-loop

policy

* Theorem 1 from Gros et al., “Data-driven economic NMPC using reinforcement learning,” IEEE Transactions on Automatic Control 65.2 (2019): 636-648.
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“Holistic" parametrization - Formal justification

Full MPC parametrization: Theorem*: under some technical conditions and for a “rich”
il parametrization of the MPC, there is a ¢ such that
191;1’151 Vi (zn) + kz lp (%, ugk) QMPC (s,a) = Q* (s, a)
=0
MPC
s)=mn"(s

st g1 = fo (Tr, ug) (®) (s)

hy (T, ug) >0 even if the model f, cannot describe the real system accurately

HD=E Remarks

gives policy TFMPC (8) = u} > Generic: works for robust MPC, stochastic MPC,

economic MPC, Multi-Step PC, etc.

L » Sanity check: technical conditions are mild but forbid f,
Full MPC parametrization enables to lead to non-finite V* under the resulting closed-loop
modeling Q*, 7* without “torturing” f,; policy

* Theorem 1 from Gros et al., “Data-driven economic NMPC using reinforcement learning,” IEEE Transactions on Automatic Control 65.2 (2019): 636-648.
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Outline

Reinforcement Learning Tunes the MPC
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How to use this? Reinforcement Learning enters the game...

Policy wg/IPC (s) = uf from
. N-1

I}}El Vs (zn) + kz: ly (T, ur)
=0

st. Tpy1 = £ (xkvuk)
hg (wp,ur) 20, mo =s

We want
min J (TI‘MPC>

@ @
where J(.) is the closed-loop cost in the
real-world
What to do?
> ming J <71'2\0/[PC> using data

» Complex “chain”: ¢ — TF(I:)/IPC (s) — real world — J (wypc)

RLMPC: Why does it work? Dirk Reinhardt, NTNU



How to use this? Reinforcement Learning enters the game...

MPC

Policy 7" (s) = ug from

N-1 Reinforcement Learning

o Vo (an) + Z ly (ek,uk) Toolbox to solve MDPs from data
k=0 This is not (necessarily) about DNNs
st xpt1 = fo (Tk, uk)
hy (T, ur) >0, @0 =35

We want
(o]

min J (TI‘MPC>
¢

where J(.) is the closed-loop cost in the
real-world

What to do?
> ming J <7Tz\o/IPC> using data

» Complex “chain”: ¢ — Wg/lpc (s) — real world — J (Fg/lpc)
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How to use this? Reinforcement Learning enters the game...

Policy wg/IPC (s) = uf from
. N-1

I}}El Vs (zn) + kz: ly (T, ur)
=0

st. Tpy1 = £ (xkvuk)
hg (wp,ur) 20, mo =s

We want
min J (WMPC)

¢ @
where J(.) is the closed-loop cost in the
real-world
What to do?
> ming J <71'2\9/[PC> using data

Reinforcement Learning

Toolbox to solve MDPs from data
This is not (necessarily) about DNNs

For MPC: tools to find best ¢, e.g.

» Policy Gradient: estimations of
) (wg“’c), possibly V2.7 (wypc)

» Q-learning: directly seek QMPC — Q*

» Complex “chain”: ¢ — 7}PC (s) — real world — J (wypc)

(o]

RLMPC: Why does it work?

Dirk Reinhardt, NTNU 16



Reinforcement Learning & MPC

¢

Classical Reinforcement Learning

i

ngN given by

RL adjusts ¢ to achieve
Vo (nP¥N) =0

from data

RLMPC: Why does it work?
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Reinforcement Learning & MPC

1) Reinforcement Learning over MPC
v
MPC policy
Wb\)/[PC (s) = ug from RL adjusts ¢ to achieve
N-1 Vod (7MFC) =0
min Ty en)+ 3 Ly (oo up) o7 (3°)
k=0

from data

st @i = fo @k uk)
hg (Tg, ug) >0, @9 =s

t

S
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Reinforcement Learning & MPC

1) Reinforcement Learning over MPC

i

MPC policy

wi\b/[PC (s) = uf from

min Vg (an) + >0 lg (2 up)
k=0

st @i = fo @k uk)

N-1 a

hg (Tg, ug) >0, @9 =s

f

s

Why is it useful?

v

ANENENENEN

Tune MPC for real-world performance

25 years of guarantees & methods
Learning does not start from scratch
Well accepted in the industry

Repeated Planning provides explainability

Great at processing forecast information

RL adjusts ¢ to achieve

Vo (ﬂ

MPC
o}

)=0

from data
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Reinforcement Learning & MPC

1) Reinforcement Learning over MPC

i

(MPC policy

MPC — 7 o

my - (s) =ug from RL adjusts ¢ to achieve
+
sT,s,a MP

o N_1 a P2 V@J (ﬂ-(b C) =0
min Vy (en) + kZO Ly (g ug)
st @y = fg (o ug) from data

he (B, ug) 20, @ =s
N T J
s
Why is it useful? Why can it be difficult?

v Tune MPC for real-world performance X MPC is computationally more expensive than a DNN

25 years of guarantees & methods Deployment on GPUs is lagging

Non-convexity can get in the way...

RL methods are tailored to DNN, not MPC. There is still
Repeated Planning provides explainability a gap here.

X
Learning does not start from scratch X
X

Well accepted in the industry

ANENENENEN

Great at processing forecast information

RLMPC: Why does it work? Dirk Reinhardt, NTNU



RL improves over model fitting?

Proposed paradigm

Policy 71'35/[1)0 (s) = uf from
N—-1
STILACOED SN

st Tyl = fq‘, (zk,uk)
ho‘ (zk,uk) Z 0, ro =S
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RL improves over model fitting?

A step back: model adjustment?

Policy w?)ﬂ)c (s) = uf from

N-1
min V(zy) + I;)l(xk,uk)

s.t. Tpyp1 = fO (zk,uk)
h(xk,uk)z(), ro =S

Adjust ¢ according to (e.g.)
L minE[||f, (5,4) = s¥|°] vs.

2. minJ (Wi})/IPC)

P

. is that different?

RLMPC: Why does it work? Dirk Reinhardt, NTNU



RL improves over model fitting?

Empirical answers:

A step back: model adjustment? > In general it is different...
» Good to do 1. first, then 2.

Policy ﬂ_gIPC (s) = uf from
N-1
i Vizn) + I;J U (zk, uk)

st. xpy1 = fo (T, uk)
h(zg,ur) >0, xo=3s5

Adjust ¢ according to (e.g.)
L minE[||f, (5,4) = s¥|°] vs.

2. minJ <7r§)/IPC)

)

. is that different?

> |s step 2 necessary?

» Improves closed-loop performance
P But gain is very case dependent
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RL improves over model fitting?

Empirical answers:

A step back: model adjustment?

» In general it is different...

» Good to do 1. first, then 2.

Policy Wg/[PC (s) = ug from
N-1
1’;11751 V(zn) + I;J I (g, ug)
st Try1 = [y (T, ug)
h(zp,up) >0, xo=s

> |s step 2 necessary?

» Improves closed-loop performance
P But gain is very case dependent

Formal answers:* 1. and 2. are
» the same for LQR

» Jocally the same for smooth MDPs with a

Adjust ¢ according to (e.g.)
L minE[||f, (5,4) = s¥|°] vs.

2. minJ <7rMPC)

P
[ '

. is that different?

“narrow” optimal steady state distribution away
from the constraints
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RL improves over model fitting?

A step back: model adjustment?

Policy wg/IPC (s) = uf from
N-1
min V(zy) + ;0 U (xk, uk)

st Tpr1 = fo (Tk, ug)
h(iﬂk,ﬂk)207 To =S

Adjust ¢ according to (e.g.)
L minE[||f, (5,4) = s¥|°] vs.

2. minJ <7r3)/IPC)

)

. is that different?

Empirical answers:
» In general it is different...

» Good to do 1. first, then 2.

> |s step 2 necessary?

» Improves closed-loop performance
P But gain is very case dependent

Formal answers:* 1. and 2. are

» the same for LQR

» Jocally the same for smooth MDPs with a
“narrow” optimal steady state distribution away
from the constraints

Practical answers:

» RL for tracking(-like) MPC to a fixed reference is
disappointing

> Otherwise the gain of performance from RL is
often good

RLMPC: Why does it work?
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Wrap-up — Why does it work?

Take-home messages

» The MDP is the common language linking MPC and RL

» Read MPC as a structured model of Q*,7* — via a holistic parametrization (V5, ls, fg, hg), not as
fitting f to reality — exact even with an inexact model
> RL tunes ¢ to ming J(7}PC) from data (policy gradient, Q-learning)

ol

» Keep MPC's structure, constraints & guarantees; gain data-driven real-world performance

Next in this tutorial:
» Differentiable NMPC with acados — Katrin Baumgartner
» MPCRL with leap-c — Jasper Hoffmann

Thank you! Questions?

Slides & more
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