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Strategy for mixed-integer optimization
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Mixed-integer convex optimization

minimize  f(x, 0)
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>
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[D. Bertsimas, B. Stellato, The Voice of Optimization, Machine Learning (to appear), (2020)] 24
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Optimal Classification Trees (OCT)

01 < 2.45

[Bertsimas and Dunn (2017)]
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Neural Networks (NN)

Single layer
yr = f(yi—1) = Wiyi—1 + b))+

O PyTorch

v Y1 Y2 YrL—1 2
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Simple sampling scheme
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MLOPT: Machine Learning Optimizer

github.com/bstellato/mlopt
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[D. Bertsimas, B. Stellato, The Voice of Optimization, Machine Learning (to appear), (2020)]40
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Sparse portfolio optimization

maximize rfw —~yw! Sw
subjectto 11w =1
card(w) < c

k-factor Risk Model
Y =FY*FT 1+ D

Parameters
§=(r,XF F D)

42



S&

2100 backtesting: high speed and accuracy

100 |
10_1 / . .
o Optimizer
E —— MLOPT
102 — Gurobi
1073
5 10 15 20
C
C M acc [%] suboptimality infeasibility
5 1027 99.11 9.88 x 1073 2.25 x 1079
10 1083 99.21 7.01 x 1073 819 x 10~7
15 1120 99.30 1.92 x 102 2.68 x 107
20 1209 9950 3.54 x 1073 4.12 x 107

43



S&

2100 backtesting: high speed and accuracy

100 |
/ t
1071 -
o Optimizer
E —— MLOPT
102 —— Gurobi
1073 v
5 10 15 20
C
C M acc [%] suboptimality infeasibility
5 1027 99.11 9.88 x 10~3 2.25 x 1079
10 1083 99.21 7.01 x 1073 819 x 10~7
15 1120 99.30 1.92 x 102 2.68 x 107
20 1209 9950 3.54 x 1073 4.12 x 107

1000x

faster

43



S&

2100 backtesting: high speed and accuracy

10 —
/ t
1071 —
ptimizer
£ —— MLOPT 1000x
- 102 —— Gurobi faster
1077 v
5! 10 15 20
c o
suboptimality
and
cC M acc [%] suboptimality infeasibility infeasibility

5 1027 99.11 988 x 103 2.95 x 1079 /
10 1083 99.21 7.01 x 103 8.19 x 10~ 7
15 1120 99.30 1.92 x 102 2.68 x 10~7

20 1209 9950 3.54 x 103 4.12 x 107 43




S&P100 backtesting: high speed and accuracy

100 |
/ t
1071 Oori
ptimizer
E —— MLOPT 1000x
- 102 —— Gurobi faster
1077 v
5 10 - 15 20 L Ow
. suboptimality
High accurac
g y and

\\M‘ acc [%] suboptimality infeasibility / infeasibility

5 1027 99.11 988 x 103 2.25 x 1079
10 1083 9921 7.01 x 1073 8.19 x 10~ 7
15 1120 99.30 1.92 x 102 2.68 x 10~7

20 1209 9950 3.54 x 103 4.12 x 107 43




=

Hybrid-vehicle control

44



Hybrid-vehicle control

44



Hybrid-vehicle control

T—1
minimize Y f(P®, 2) + 0z — 20-1)+
t=0

subjectto Ppatt 4 pfie > pdes

Eypy = By — 7 PP
Eo = Einit

<t < {07 1}

45



Hybrid-vehicle control

T—1
minimize Y f(P®, 2) + 0z — 20-1)+
t=0

subjectto Ppatt 4 pfie > pdes

Eypy = By — 7 PP
Eo = Einit

<t < {07 1}

Desired Power

45



Hybrid-vehicle control

T—1
minimize Y f(P®, 2) + 0z — 20-1)+
t=0
subjectto PPatt 1 Pee > pdes  Dasired Power

Ei11 = Ey — TP Battery
Fo = Einit Dynamics

<t < {07 1}

45



Hybrid-vehicle control

minimize

subject to

Zf eng _|_5(Zt—Zt 1)_|_

Ptbatt + P8 > Pdes  Desired Power

Ey11 = E, — PPt Battery
Fo = Einit Dynamics

z; € {0,1} Engine Switch

45



Hybrid-vehicle control

minimize Zf P8 2) + 6(2 — 2e-1) +

subject to Pt‘oatt + P& > pdes

Parameters

Desired Power

Battery
Dynamics

Engine Switch

45



MPC

results: high speed and accuracy

10!

accuracy [%]
=

Optimizer
— MLOPT
—— Gurobi

10 15 20 25 30 35 40

3 10 20 30
T

e OCT
e OCT-H

46



MPC

results: high speed and accuracy

10!

accuracy [%]
=

Optimizer
— MLOPT
Gurobi

A

10 15 20 25 30 35

3 10 20 30 40
T

40

s NN
e OCT
e OCT-H

1000x

faster

46



MPC results: high speed and accuracy

10! Optimizer A
—— MLOPT
— Gurobi
__10°
7 1000x .
£ faster
102 'h——kéf—*'/L v

10 15 20 25 30 35 40

s NN
e OCT
e OCT-H
3 10 20 30 40
T

High accuracy

100
~>
. 80
<,
> 060
(@)
©
=3
Q 40
(gv)

DO
(-

0
46



47



maximize

subject to

fi < K(1)7

f2<6;, i=1,...

P
>,0; <k
1=1

5 e{0,1}"

i=1,...

47



Grasp metric
maximize «

subjectto Gf = aF
fi < K(1)7

f2<6;, i=1,...

P
>,0; <k
1=1

5 e{0,1}"

i=1,...

47



Grasp metric

maximize «

_ Task wrench

subjectto Gf = aF
fi < K(1)7
f@‘z < 5@’7

P
>,0; <k
i=1

i=1,...P

i=1,... P

5 e {0,1}7

47



Grasp metric

maximize «

_ Task wrench
subjectto Gf = aF

fiE/C(i), 1 =1,... P Friction Cone
[7<0;, 1=1,...,P

J
>,0; <k
1=1

5 e{0,1}"

47



Grasp metric
maximize «

_ Task wrench
subjectto Gf = aF

fi € /C(i), 1 =1,... P Friction Cone
[7<&, i=1,...,P

P

Y 60; <k Points Selection

1=1
e {0,1}"

47



Grasp metric

maximize «

_ Task wrench
subjectto Gf = aF

fi € /C(i), 1 =1,... P Friction Cone

f7<6;, i=1,...,P

MISOCP

P

Y 0; <k Points Selection
=1

5 e{0,1}"

47



Grasp metric

maximize «

_ Task wrench
subjectto Gf = aF

1 =1,... P Friction Cone

i=1,... P

MISOCP

Points Selection

Parameters
47



High-speed Dexterous Robotic Grasps
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Sampling scheme

Algorithm 1 Strategies exploration

1. givene, 3,0 =0,S =0, u =00
2. fork=1,...,do

3: Sample 6, and compute s(60;) > Sample parameter and strategy.
4: O < OU{b} > Update set of samples.
5: if s(0) ¢ S then

6: S+ SU{s(b;)} > Update strategy set if new strategy found
7: end if

8: if G+ cy/(1/k)In(3/8) < e then > Break if bound less than e
9: break

10: end if

11: end for

12: return £,0., S

53



