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ϕ(0) = 1 and lim
m→∞

ϕm = 0

Assumption: N -reachability over X0

Proposition. For sufficiently high m → Closed-loop stability
of for any initial state inside X0.

Questions

Q1. Are we still minimizing the same
cost?

Q2. Implication on the computation
time!

Q1-Q2

Cryogenic station of CEA-INAC-SBT

x
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= Ax + Bu + Gw
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2 GPU-related topics
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| GPU-related topics | Some experiments

Distributing the computation
GPU, FPGA . . .
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Ex1. Toy example on Google-colab

2D discrete time dynamics

simulate N = 20 steps

for ≈ 500000 initial states

time CPU ≈ 2 min.

GPU-time ≈ 400 µ-sec
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Combined therapy

nx = 4, nw = 13

nu = 2, N = 20
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| GPU-related topics | Use-case

Distributing the computation
GPU-Based MPC of a semi-active suspension.

msz̈s = −Fs,ℓ(saℓ) − Fs,r(sar)

Ixθ̈ = ℓℓFs,ℓ(saℓ) − ℓrFs,r(sar)

mus,ℓz̈us,ℓ = Ft,ℓ − Fs,ℓ(saℓ)

mus,r z̈us,r = Ft,r − Fs,r(sar)

Half-Car SA-suspension

(ℓ) left, (r) right, (s) chassis, (t) wheel

Fs,i = −ks,i(zs,i(θ) − zus,i) + sai

Ft,i = −kt,i(zus,i − zr,i) i ∈ {ℓ, r}

Road profile

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme . . . IEEE Control Systems Letters, Vol. 3, Number 3, 2019
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Comfort (↓ |z̈s|)

Ride handling (↓ |θ̈2|)
Box constraints on x/u

Control objetive

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme . . . IEEE Control Systems Letters, Vol. 3, Number 3, 2019

Mazen Alamir 7th IFAC Conference on Nonlinear Model Predictive Control 2021 (July 11-14) 8 / 17



| GPU-related topics | Use-case

Distributing the computation
GPU-Based MPC of a semi-active suspension.

msz̈s = −Fs,ℓ(saℓ) − Fs,r(sar)

Ixθ̈ = ℓℓFs,ℓ(saℓ) − ℓrFs,r(sar)

mus,ℓz̈us,ℓ = Ft,ℓ − Fs,ℓ(saℓ)

mus,r z̈us,r = Ft,r − Fs,r(sar)

Half-Car SA-suspension

(ℓ) left, (r) right, (s) chassis, (t) wheel

Fs,i = −ks,i(zs,i(θ) − zus,i) + sai

Ft,i = −kt,i(zus,i − zr,i) i ∈ {ℓ, r}

Road profile
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| Machine Learning-related topics

1 Non conventional NMPC Formulations

2 GPU-related topics

3 Machine Learning-related topics

4 Discussion: Threats & suggestions for a data-dominated future
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| Machine Learning-related topics | Stochastic NMPC by supervised clustering

Stochastic MPC using supervised clustering
Distributing the data building over the real-life time

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.

Dynamics ẋ = f(x, u, w)

Cost J(u|(x,w))

Constraints g(u|(x,w))

w-statistics W
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Dynamics ẋ = f(x, u, w)

Cost J(u|(x,w))

Constraints g(u|(x,w))

w-statistics W

Mazen Alamir 7th IFAC Conference on Nonlinear Model Predictive Control 2021 (July 11-14) 10 / 17



| Machine Learning-related topics | Stochastic NMPC by supervised clustering

Stochastic MPC using supervised clustering
Distributing the data building over the real-life time

Thread1 w
[1]

Thread2 w
[2]

Thread3 w
[3]

Threadℓ w
[ℓ]

Solve Deterministic NMPC

(w
[1]

,u
[1]
# , J

[1]
# , g

[1]
# )k

(w
[2]

,u
[2]
# , J

[2]
# , g

[2]
# )k

. . .

(w
[ℓ]

,u
[ℓ]
# , J

[ℓ]
# , g

[ℓ]
# )k

Dn

Db-FIFO

ℓ

ℓ

ℓℓ

n
b
=

q
·ℓ

Clustering on (u#, J#)

w
(1)

w
(2)

w
(3)

induced clusters on w

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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| Machine Learning-related topics | ML-Model-based monitoring control updating period in NMPC

Monitoring Control Updating Period
New ML-induced opportunities (preliminary)
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| Discussion: Threats & suggestions for a data-dominated future
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| Discussion: Threats & suggestions for a data-dominated future

Conclusion

Control

Machine Learning

Computational technologies
GPU, FPGA, Containers, . . .

AI-Autonomous X

DATA-BASED everything

Business as usual is not an option!
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| Discussion: Threats & suggestions for a data-dominated future

Threat: Recycling old recipes . . .

Finding a solution to a real-life
problem with provable qualities ∕= Exhibiting sufficient conditions for such a solution

to exist.
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This was already nuisible in the past
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| Discussion: Threats & suggestions for a data-dominated future

Suggestions . . .

1 Avoid problems for which we already got solutions (including models)

2 Build shared Blind, really challenging & realistic benchmarks

3 Systematically evaluate the cost of the learning phase (ex. RL)

4 Invest on automated generation of physically meaningful and control-oriented
models

5 Share codes!
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| Discussion: Threats & suggestions for a data-dominated future

Take home message . . .

We have assets & strengths!

Let’s avoid to get lost in Random Forests! :-)

Keep critical and focus on the right fights!
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| Discussion: Threats & suggestions for a data-dominated future

Conjecture

Algorithm

(Do not use convexity)

Convex Problem Success

Non Convex Problem Failure
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Algorithm

(Data-learning / Do not use Model)

Data from

Mathematical simulator

Success

Algorithm

(Data-learning / Do not use Model)

Data from Real-life

Impossible to model

???

What if (Success) ⇔ (∃ model)?
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