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contact and friction interfaces
I nonlinear vibrations
I detrimental phenomena

nonlinear phenomena in design cycle ?

=⇒ Need to account for nonlinear simulations in the early stages of the design cycle

1Y. Colaïtis. https://tel.archives-ouvertes.fr/tel-03318777. PhD thesis. École Polytechnique de Montréal, 2021.
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min
x∈X

f(x)

subject to c(x) 6 0

(1)

notations
I x ∈ X ⊆ Rn: vector of variables
I f : X → R ∪ {∞}: objective function

I c : X → Rm ∪ {∞}m: modelsm constraints
cj(x), j ∈ {1, ...,m}

I J ⊆ {0, 1, ...,m} user-defined indexes of outputs
I d : X → R: remoteness constraint

characteristics

I f and c: deterministic blackbox functions, possibly
discontinuous

I d: infinite constraint

Ω = {x ∈ X : c(x) 6 0}

Objective: a Mesh Adaptive Direct Search algorithm to solve problem (1)
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min
x∈X

f(x)

s.t. c(x) 6 0
and d(x) 6 0 ⇐⇒ x "far" from discontinuities of outputs j ∈ J

region of weak discontinuitiesD ( ):
rate of change of cj , j ∈ J between
two points at distance at most rd
exceeds a limit rate τ

safety marginM ( ∪ ): region of
radius re around D

X
Ω

x∗

D = {y ∈ X : ∃j ∈ J, ∃z ∈ X ∩ Brd (y), |cj(y)− cj(z)| > τ ‖y − z‖}
M = X ∩ (∪x∈DBre (x))
x /∈M ⇐⇒ d(x) 6 0
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min
x∈X

f(x)

A Mads iteration

Aim : find a better solution than the current incumbent xk on the mesh of size δk

1 search
I user-defined, optional

I revelation after each evaluation

2 poll
I poll directions in frame of size ∆k

I revelation after each evaluation

3 update depending on success/failure
I computation of ∆k+1, δk+1, xk+1

2C. Audet et al. SIAM Journal on Optimization (2006). doi: 10.1137/040603371.

https://doi.org/10.1137/040603371
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, hk+1
max
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constraint violation function

h(x) =


m∑
j=1

(max(cj(x), 0))2 if x ∈ X,

∞ otherwise

I threshold hkmax to reject points

dominance relation based on f and h
values

3C. Audet et al. SIAM Journal on Optimization (2009). doi: 10.1137/070692662.
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A DiscoMads iteration
Aim : find a better solution than the current incumbent xk on the mesh of size δk

1 search
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3 update depending on success/failure
I computation of ∆k+1, δk+1, xk+1, hk+1
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revelation
exclusion
I exclusion constraint around x1 and t3



Context

Modeling

Basics on Mads

DiscoMads

Principle

Ingredients

Convergence

Results

Conclusion

Proposed algorithm: DiscoMads

8/ 17

DFO
Symposium min

x∈X
f(x)

s.t. c(x) 6 0
and d(x) 6 0A DiscoMads iteration

Aim : find a better solution than the current incumbent xk on the mesh of size δk

1 search
I user-defined, optional

I revelation after each evaluation

2 poll
I poll directions in frame of size ∆k

I revelation after each evaluation

3 update depending on success/failure
I computation of ∆k+1, δk+1, xk+1, hk+1

max

revelation
exclusion
I exclusion constraint around x1 and t3



Context

Modeling

Basics on Mads

DiscoMads

Principle

Ingredients

Convergence

Results

Conclusion

Proposed algorithm: DiscoMads

8/ 17

DFO
Symposium min

x∈X
f(x)

s.t. c(x) 6 0
and d(x) 6 0A DiscoMads iteration

Aim : find a better solution than the current incumbent xk on the mesh of size δk

1 search
I user-defined, optional
I revelation after each evaluation

2 poll
I poll directions in frame of size ∆k

I revelation after each evaluation

3 update depending on success/failure
I computation of ∆k+1, δk+1, xk+1, hk+1

max

revelation
exclusion
I exclusion constraint around x1 and t3



Context

Modeling

Basics on Mads

DiscoMads

Principle

Ingredients

Convergence

Results

Conclusion

Proposed algorithm: DiscoMads

8/ 17

DFO
Symposium min

x∈X
f(x)

s.t. c(x) 6 0
and d(x) 6 0A DiscoMads iteration

Aim : find a better solution than the current incumbent xk on the mesh of size δk

1 search
I user-defined, optional
I revelation after each evaluation

2 poll
I poll directions in frame of size ∆k

I revelation after each evaluation

3 update depending on success/failure
I computation of ∆k+1, δk+1, xk+1, hk+1

max

iteration k = 1

x0

x1

t3

t1

rd

e1

e2

revelation

exclusion
I exclusion constraint around x1 and t3



Context

Modeling

Basics on Mads

DiscoMads

Principle

Ingredients

Convergence

Results

Conclusion

Proposed algorithm: DiscoMads

8/ 17

DFO
Symposium min

x∈X
f(x)

s.t. c(x) 6 0
and d(x) 6 0A DiscoMads iteration

Aim : find a better solution than the current incumbent xk on the mesh of size δk

1 search
I user-defined, optional
I revelation after each evaluation

2 poll
I poll directions in frame of size ∆k

I revelation after each evaluation

3 update depending on success/failure
I computation of ∆k+1, δk+1, xk+1, hk+1

max

iteration k = 1

x0

x1

t3

t1

rd

e1

e2

revelation
I |f(t1)− f(t3)| 6 τ
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and d(x) 6 0A DiscoMads iteration

Aim : find a better solution than the current incumbent xk on the mesh of size δk
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1 set of revealing pointsDk at iteration k

Dk =
{
y ∈ V k ∩X : ∃z ∈ V k ∩X ∩Brd (y), ∃j ∈ J, |cj(y)− cj(z)| > τ ‖y − z‖

}
∈ D

2 exclusion constraint dk at iteration k

dk(x) =
{

1− dist(x,Dk)
re

if Dk ∩Bre (x) 6= ∅,
0 otherwise

problem solved at iteration k

min
x∈X

f(x)

s.t. c(x) 6 0

and dk(x) 6 0

X
Ω

D

re

x∗

progressive barrier approach
I constraint violation function hk

hk(x) =


m∑

j=1

max(cj(x), 0)2 + max(dk(x), 0)2 if x ∈ X

∞ otherwise
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DFO
Symposium

1 revealing point is found during iteration k =⇒ stop evaluations
I setR of new revealing points

2 update set of revealing points

Dk+1 ← Dk ∪R

3 update exclusion constraint and constraints violation function

dk+1(x) > dk(x)

=⇒ hk+1(x) > hk(x) may change the feasibility of points !

4 update barrier threshold adequately and Mads parameters

δk+1 = δk and ∆k+1 = ∆k

Revealing poll

unsuccessful iterations =⇒ poll size parameter ∆k ↘ =⇒ discontinuities may not be revealed

at least 1 random point in Brm (xk) with rm > rd + re
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dk+1(x) > dk(x) =⇒ hk+1(x) > hk(x) may change the feasibility of points !

4 update barrier threshold adequately and Mads parameters

δk+1 = δk and ∆k+1 = ∆k
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unsuccessful iterations =⇒ poll size parameter ∆k ↘ =⇒ discontinuities may not be revealed

at least 1 random point in Brm (xk) with rm > rd + re
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Draw optimality conditions related to the original problem (1)

min
x∈X

f(x)

(1) s.t. c(x) 6 0
and d(x) 6 0

with remoteness constraint d(x) =
{

1− dist(x,D)
re

if D ∩Bre (x) 6= ∅,
0 otherwise

"ideal" constraint violation function

ĥ(x) =


m∑

j=1

max(cj(x), 0)2 + max(d(x), 0)2 if x ∈ X

∞ otherwise

I only dk and hk are accessible !
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1 mesh gets infinitely fine : lim inf
k→∞

δk = 0

2 there exists at least one refining subsequence
{xk}k∈K → x̂

3 x̂ satisfies some conditions

I case A =⇒ f◦(x̂, p) > 0 (from Mads)
I case B =⇒ ĥ◦(x̂, p) > 0 (from Mads)
I case C =⇒ x̂ is a local minimizer of ĥ onX

⇒ new result

idea behind the proof
I limk→∞ hk(y) = ĥ(y) for y close to x̂

I piecewise continuity assumption and revealing poll
required
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I limk→∞ hk(y) = ĥ(y) for y close to x̂

I piecewise continuity assumption and revealing poll
required

X
Ω

D

x̂A



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Objective

Steps

Results

Conclusion

Convergence analysis in brief

12/ 17

DFO
Symposium

1 mesh gets infinitely fine : lim inf
k→∞

δk = 0

2 there exists at least one refining subsequence
{xk}k∈K → x̂

3 x̂ satisfies some conditions
I case A =⇒ f◦(x̂, p) > 0 (from Mads)
I case B
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I blade-tip/casing clearance ( )

vibrations of aircraft engine blades

quantity of interest4: vibration magnitude at blade-tip

I response surface v(s, ω)⇒ 45 000 simulations

4A. Batailly et al. Journal of Engineering for Gas Turbines and Power (2015). doi: 10.1115/1.4028263.

https://doi.org/10.1115/1.4028263


Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

13/ 17

DFO
Symposium

I blade-tip/casing clearance ( )

vibrations of aircraft engine blades

quantity of interest4: vibration magnitude at blade-tip

I response surface v(s, ω)⇒ 45 000 simulations

4A. Batailly et al. Journal of Engineering for Gas Turbines and Power (2015). doi: 10.1115/1.4028263.

https://doi.org/10.1115/1.4028263


Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

13/ 17

DFO
Symposium

I blade-tip/casing clearance ( )

vibrations of aircraft engine blades

quantity of interest4: vibration magnitude at blade-tip
I response surface v(s, ω)⇒ 45 000 simulations

0 20 40 60 80 100
0

20

40

60

80

100

clearance s (scaled)

ro
ta
ti
on

sp
ee
d
ω
(s
ca
le
d
)

0

0.25

0.5

0.75

1

4A. Batailly et al. Journal of Engineering for Gas Turbines and Power (2015). doi: 10.1115/1.4028263.

https://doi.org/10.1115/1.4028263


Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

13/ 17

DFO
Symposium

I blade-tip/casing clearance ( )

vibrations of aircraft engine blades

quantity of interest4: vibration magnitude at blade-tip
I response surface v(s, ω)⇒ 45 000 simulations

0 20 40 60 80 100
0

20

40

60

80

100

clearance s (scaled)

ro
ta
ti
on

sp
ee
d
ω
(s
ca
le
d
)

0

0.25

0.5

0.75

1

4A. Batailly et al. Journal of Engineering for Gas Turbines and Power (2015). doi: 10.1115/1.4028263.

https://doi.org/10.1115/1.4028263


Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
on

sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
x∈X

f(x)

s.t. c(x) 6 0
and d(x) 6 0

Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
x∈X

f(x)

s.t. c(x) 6 0
and d(x) 6 0

Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
x∈X

f(x)

s.t. c(x) 6 0
and d(x) 6 0

Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

f(s, ω)

s.t. c(s, ω) 6 0
and d(s, ω) 6 0

Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

s

s.t. c(s, ω ) 6 0
and d(s, ω ) 6 0

Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

s

s.t. v(s, ω) 6 vmax

and d(s, ω ) 6 0

Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

s

s.t. v(s, ω) 6 vmax

and d(s, ω ) 6 0

Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

s

s.t. v(s, ω) 6 vmax

and d(s, ω) 6 0
Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82
x∗

x0

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

s

s.t. v(s, ω) 6 vmax

and d(s, ω) 6 0
Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82
x′

x0

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

s

s.t. v(s, ω) 6 vmax

and d(s, ω) 6 0
Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping weak discontinuities

14/ 17

DFO
Symposium

0 10 20 30 40 50 60 70 80 90 100

76

78

80

82

x0

clearance s (scaled)

ro
ta
ti
o
n
sp
ee
d
ω
(s
ca
le
d
)

simplified optimization problem

min
(s,ω)

s

s.t. v(s, ω) 6 vmax

and d(s, ω) 6 0
Ird = 1 τ = 0.4 re = 1



Context

Modeling

Basics on Mads

DiscoMads

Convergence

Results

Weak discontinuities

Hidden constraints

Conclusion

Escaping regions of hidden constraints

15/ 17

DFO
Symposium

styrene production problem5 =⇒ styrene blackbox6

I 8 variables, 11 constraints
I simulation fails for some x =⇒ hidden constraints

Use DiscoMads to escape regions of hidden constraints

modeling of hidden constraints
I failed evaluation =⇒ f = 1020 =⇒ weak discontinuity of f

how do we know if d is satisfied at x?

I evaluation of severity of hidden constraints around x

H(x, σ) := #{yi ∈ Bσ(x), i ∈ {1, ..., 1000}, evaluation at y fails}

5C. Audet et al. J. Global Optim. (2008). doi: 10.1007/s10898-007-9234-1.
6
https://github.com/bbopt/styrene

https://doi.org/10.1007/s10898-007-9234-1
https://github.com/bbopt/styrene
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A DiscoMads algorithm to escape unknown discontinuous regions

major points
I inner approximations of the safety margin to treat infinite constraint d

I based on Mads⇒ convergence properties preserved
I validated on analytical and engineering problems

publication
I "Escaping unknown discontinuous regions in blackbox optimization",

C. Audet, A. Batailly and S. Kojtych, SIAM Journal On Optimization
(recently accepted, preprint available7)

Perspectives

usages: discontinuities and hidden constraints

short-term
I implementation in Nomad 4⇒ hidden constraint problems

others
I performance improvements⇒ scaling of c and dk , revealing poll, surrogates...
I comparison with other methods adapted to treat d ?
I other infinite constraints?

7C. Audet et al. Aug. 2020. eprint: https://www.gerad.ca/en/papers/G-2020-46/view. published.

https://www.gerad.ca/en/papers/G-2020-46/view
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