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Abstract

In this thesis, we study derivative-free methods able to solve systems of nonlinear
equations with a particular emphasis on the underdetermined case. We present a
new class of methods which generalizes the works from Grapiglia and Chorobura
[11] and Echebest, Schuverdt, and Vignau [9]. If the Jacobian corresponding to the
system of nonlinear equations is Lipschitz continuous then we prove, for two partic-
ular methods belonging to this class, worst-case complexity bounds on the number
of function evaluations to reach some optimality measure. Afterwards, the methods
are implemented and tested numerically to observe how they behave in practice.
Finally, we provide an application of these methods in the context of black-box at-
tack against deep neural networks. In particular, we model mathematically the way
to modify slightly an input such that it is misclassified with the constraint that the
neural network’s structure is hidden.

Keywords : Underdetermined systems of nonlinear equations - Derivative-free -
Nonmonotone line search - Complexity bounds - Black-box adversarial attack
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Chapter 1

State of the art

This chapter is mostly about reviewing some notions, motivating the topics of this thesis and
giving a brief overview of the existing methods for solving systems of nonlinear equations.

1.1 Background

In this thesis, we are interested in solving the system of nonlinear equations

F(x)=0

where the mapping F : R" — R" is continuously differentiable with n > m. The
Jacobian matrix of F(x) will be noted J(x). Moreover, we might also need to define
a merit function f : R" — R, corresponding to F such that we have F(x) = 0 for
some x € R" if and only if f(x) = 0. From this definition, it is clear that when the
system of equations admits at least one solution, we have

mlil%n f(x) <= Find x € R" such that F(x) =0
xeR"

Hence, we will often see the algorithms used to solve systems of nonlinear equations
as a way to minimize f. Nevertheless if f doesn’t reach 0 at some point then such
interpretation is no longer possible and the set {x € R" | F(x) = 0} must be empty.
We focus on a merit function of the form

£ = S IF@IP 1)

where we use the notation ||.|| for the usual 2-norm namely ||x|| = /Y¥/_; x? forany
x € R" and corresponds to the induced 2-norm for matrices. Although, we might
also mention other possible merit functions such as f(x) = ||F(x)||? for p € {1, 2}
used in Cruz, Martinez, and Raydan [6]. An advantage of the merit function (1.1)
is that f is also continuously differentiable and its gradient has a concise formula
given by

V() = J(x)TE(x)

Contrary to the framework of optimization methods, finding a point ¥ which is al-
most stationary meaning V£ (%) = J(x)TF(x) ~ 0 is not always a good thing. In-
deed, we can converge to a stationary point ¥ that may be only a local minimum
hence with F(%) # 0. However, under additional hypothesis on the structure of the
Jacobian, we should be able to go further into the developments. For example, we
can observe that if Ker(J(x)T) = {0} for all x € R" then Vf(x) = 0 if and only if
F(x)=0.



2 Chapter 1. State of the art

Thereafter, we recall few definitions of the properties that we can expect from the
mapping F(x) and that may be useful in the Chapter 2.

The Jacobian | : R" — R™*" is said Lipschitz continuous with constant L; > 0 if

[1J(x) = JW)II < Lyllx —yl| (1.2)

The hypothesis of Lipschitz continuity is quite common when we study the theo-
retical convergence of methods. Roughly speaking, inequality (1.2) means that the
rate of change of the Jacobian is bounded by some constant. In addition, we can also
consider mappings F : R" — R” that are u-strongly monotone that is to say there
exists some y > 0 such that

(F(x) =F(y) (x—y) > ullx—y|> Vx,yeR" (1.3)

As explained in Geiger and Kanzow [10], this property is stronger than the mono-
tonicity for a multivariable function F(x) defined as

(F(x) = F(y))"(x—y) 20 Vx,y e R"
and it can be shown that (1.3) is equivalent to have for any x € R”
oTJ(x)o > plloll? Vo € R”

Notice that the class of problems with y-strongly monotone mapping is actually
larger than the previous definitions which is actually only true for strongly increas-
ing mapping. Indeed, if G : R" — IR" is a p-strongly decreasing mapping then there
exists y > 0 such that

—(G(x) =G (x —y) = pllx —ylI?

Therefore, —G(x) is p-strongly monotone and we can reformulate without loss of
generality the system of nonlinear equations as

F(x)=-G(x)=0

1.2 Motivations

In many fields of Applied Mathematics, it is common to come across the problem of
finding x € R" such that
F(x)=Ax—b=0 (1.4)

where A € R"*" and b € R™. The equation (1.4) is known as a system of linear
equations and it is a quite well understood problem which can always be solved
exactly in a fixed number of steps thanks to Gaussian elimination. Firstly, linear sys-
tem may appear in approximation theory when we want to interpolate a given set
of points with a polynomial. Secondly, being able to solve a linear system is also
useful when we would like to compute numerically the solution of partial differen-
tial equations. Indeed, the discretization of a linear partial differential equation with
finite differences or finite elements results generally in a large scale linear system.
Thirdly, we might also want to do quadratic unconstrained minimization namely

17 T
?el]er} 5% Ax—b'x (1.5)
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where A is positive semi-definite. Note that (1.4) and (1.5) have the same solutions.

However, the real world is mostly nonlinear and many problems can’t be written
under the form (1.4). For example, we might interpolate within a set of functions
which are parameterized in a non trivial way, discretize a differential equation pre-
senting nonlinearity or minimize an arbitrary function. All these problems motivate
the need for designing efficient algorithms able to solve systems of nonlinear equa-
tions.

We give thereafter few definitions which are really the key concepts to understand
the methods presented in this work

< Derivative-free : A method for solving the problem F(x) = 0is called derivative-
free if it performs without any information about the derivatives of F hence we
are only allowed to query the value F(x) for any given point x € R".

<> Nonmonotone : A method for solving the problem F(x) = 0 has a nonmono-
tone behavior if the sequence of iterates (x;);° , generated by the method is
such that ||F(x)|| is not always decreasing.

< Underdetermined : A system of nonlinear equations of the form F(x) = 0 with
F : R" — R™ is underdetermined if there is (strictly) more unknowns than
equations meaning n > m. Oppositely, if n = m then the system of equations
is said determined.

Underdetermined systems of equations typically arise in the context of constrained
optimization where we want to solve

min ¢(x) suchthat c(x)=0 (1.6)

xeR"
with ¢ : R” — IR the objective function and c : R" — R the function (poten-
tially very complex) describing the constraints. Typically, we have an optimization
method which can solve (1.6) by generating a sequence of iterates that remains in
the admissible set. However, the method needs to start with an admissible point x.
It corresponds to finding xy € R” such that ¢(xp) = 0 which is an underdetermined
system of nonlinear equations because problems like (1.6) admit in general more
variables than constraints.

For a long time, the nonmonotone methods haven’t been used because the possibil-
ity to observe (f(xx));-, with significant increases between some iterates was a bit
disconcerting. Indeed, the majority of theorems about global convergence required
a sufficient decrease condition on the objective function at the next step. Actually,
methods usually produce a first guess in order to find the next iterate x; 1. It often
happens that this guess violates the monotonicity condition but contains in gen-
eral sensibly more information about the structure of the problem. Therefore, the
nonmonotone approach tends to be more prone to accept the first guess instead of
modifying it so that the objective decreases enough.

The derivative-free methods are based only on the information provided by func-
tion values and are not allowed to access to the Jacobian. Notice that the evaluation
of the function F(x) is generally much more cheaper than its Jacobian J(x). There-
fore, the computation and then the storage in memory of a matrix with size m x n
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might become difficult for large values of m or/and n. In numerous fields of Sci-
ence such as Physics, Chemistry, Statistics, ... the data come from experiments and
observations hence the computation of formal derivatives concerning theses quanti-
ties is not possible in practice. On one hand, real systems are often very complex to
model exactly thus the derivative-free setup allows to treat these systems as black-
box giving function value as output for any input. On the other hand, derivative-free
methods make barely no explicit assumptions on the problem, while methods using
the Jacobian will require F to be at least differentiable.

A practical application of derivative-free methods is the design of particular inputs
able to mislead a classifier called adversarial examples. Especially in the context of
deep neural networks, adversarial examples are usually made without any informa-
tion about the structure or the weights. We are only allowed to give an input to the
classifier and then observe the corresponding output. This application is explained
in full details in Chapter 4.

1.3 Newton method

The most famous method used to solve the problem F(x) = 0 is certainly the New-
ton method which is reminded below

Algorithm 1: Newton method | Suitable for n > m
Data: Starting point xo € IR”

Step0. Setk =0

Step 1. Solve J(xi)dy = —F(x¢)

Step 2. Pick a step size oy > 0

Step 3. xp1 = X + apdy

Step4. Dok <+ k+ 1 and go back to Step 1.

The method can be retrieved heuristically with the following reasoning :
< Let x; be a starting point not too far from the solution x*

< Assume F is approximately linear in the neighbourhood of x; then
F(xps1) = F(xx) + J () (i1 — )
<> If we consider that the linear model is exact then we pick xj,; = x* hence
0 = F(x) + J (1) (X1 — xk)

At the end, we can add a step length a; > 0 in order to ensure a condition on the
new iterate xxq or nuance the importance given to the search direction obtained by
solving the linear system

J(xx)dx = —F(x¢) (1.7)

For determined systems of nonlinear equations, if J(x;) is invertible then we can
simply write one step of the method as

X1 = X — i J () " F(xg) (1.8)
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Nonetheless, in the general case, the uniqueness of the search direction dj given by
equation (1.7) is not guaranteed especially when m > n. Even worst, the linear
system may not admit a solution so the direction is not defined. If we consider the
Newton method where all the steps are undamped meaning a; = 1 for all k then we
have the following theorem from Polyak [19] about the local rate of convergence for
determined systems of equations (another result concerning the underdetermined
case can also be found in the same reference).

Theorem 1.1. — Suppose F : R" — IR" is twice continuously differentiable on the set
B = {x € R" | ||x —xo|| < r} such that ] (xo) is invertible. Furthermore, we have

1] (x0) "'F(x0)|] < Ky
|[J(x0) "H(x)|| < K» Vx€B

where Ky, Ky are constants and H(x) is the Hessian of F(x). If the previous constants satisfy

1 1-+v1-2h
h=KiKy <z, r>—->5K
2 h
then it exists a solution x* € B and the iterations (1.8) with undamped steps are always
well-defined and converge to x* with
Kl 2k
e — x| < —(2h
v — 2] < 2k (2h)
From this theorem, we can dedukce that the error committed at iteration k will re-
duce at least proportionally to > with 0 < g < 1 which is quite fast. We say that
the Newton method converges with a quadratic rate. In other words, the sequence
(xx)5>, converges and there exists a constant ¢ > 0 and ko € IN such that

l[xp1 — x*|| < c|xx — x*|]* forany k > ko

Although this rate of convergence is among the fastest that we can expect in prac-
tice, it has also few drawbacks that might make it computationally too expensive or
even not applicable to certain classes of problems. On one hand, we need to solve a
linear system of size n at each iteration which can be very expensive for large scale
problems. On the other hand, the method also requires to compute all the entries of
J(xx) and then store them in memory which is sometimes quite costly.

1.4 Quasi-Newton method

The quasi-Newton method is a derivative-free alternative to the Newton method
where we try to estimate the Jacobian with an approximation By ~ J(x).
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Algorithm 2: Quasi-Newton method ‘ Suitable forn > m

Data: Starting point xg € R"
Initial approximation By € R™*"
Step0. Setk=0
Step 1. Solve Bydy = —F(xy)
Step 2. Pick a step size oy > 0
Step 3. xp1 = X + apdy
Step 4. Build By 1 ~ J(xx11)
Step 5. Do k < k+ 1 and go back to Step 1.

Again, if m = n and B, ! exists then we have the update
X1 = xp — By TF (k) (1.9)

It is in general not possible to prove the quadratic convergence for the quasi-Newton
method. Under reasonable assumptions, one can show that the method converges
super-linearly namely

|2k — ¥ _

lim =0

k—oo  ||xp — x*||
Notice that quadratic convergence also implies super-linear convergence. The super-
linear convergence of the quasi-Newton method is stated formally in the next theo-
rem, a complete proof can be found in Dennis and Moré [8].

Theorem 1.2. — Suppose F : R" — IR" is continuously differentiable on some open
convex set D C R" and there exists x* € D such that F(x*) = 0 and J(x*) is invertible.
Let (xx)52 be the sequence of iterates generated by recurrence (1.9) for ax = 1 where the
matrices (By)p2, are all non-singular. If the sequence stays in D and limy_,o X = x* with
Xp 7 x* for any k > 0 then (xi)52, converges super-linearly if and only if

lim | (Be — J(x*)) (xk41 — x|

|
=0 (1.10
o, et — ]| )

Intuitively, the assumption (1.10) says that the approximation By should converge to
the true Jacobian J(x*) along the search direction. Usually, most of the quasi-Newton
methods are defined such that the equality (1.11) called secant equation is satisfied.

Biy15k = Yk (1.11)

where s; = xp;1 — x¢ and yx = F(xx;1) — F(x). Thereafter, we give a sketch show-
ing that when (By);°  is a convergent sequence then (1.11) is a sufficient condition
for (1.10) to hold, indeed

[[(Bx — J(x*)) (X1 — xi) || < |[(Bx — Brgr)sicl | + || (Brsr — J(x¥))skl|
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We deduce from the secant equation (1.11) and the Taylor expansion of F(x1) that

[[(Beyr — J(x™))skl| = lyx — J(x™)sil|
= [|F(xkq1) — F(xx) — J(x%) (Xp1 — x1) ||
= [[(J(Axgg1 + (1 = A)xg) — J(x™)) (k1 — )|

for some 0 < A < 1. Finally, since | is continuous and x* = limy_, xx, we get

[[(Bx — J (™)) (%11 — x|

lim

k—reo |21 — x|

< ]}1_{2) 1By — Bl| + [|(J(Axppr + (1 = A)xg) — J(x9))||
=0

Moreover, the family of quasi-Newton methods in which the new matrix By, is
built by adding a symmetric low-rank perturbation to By are particularly efficient
to deal with the matrix storage since we only need to store the perturbations. This
class of methods can also avoid to solve the linear system at each iteration either by
approximating directly the inverse of the Jacobian Hy =~ J(x;)~! or via an explicit
formula for B, 1 see for example Broyden [4], Dennis and Moré [8].

To sum up, the quasi-Newton method is in general much more cheaper in terms
of computation by iteration than the Newton method only at the cost of losing the
quadratic convergence. Therefore, this method is often considered as one of the most
efficient method for solving large scale systems of nonlinear equations.

1.5 Spectral method

Firstly introduced in Barzilai and Borwein [2], the spectral method is a quasi-Newton
method for solving determined systems of equations where we do the rough approx-
imation B, = glkl . The scalar oy is called spectral coefficient and must be such that
|0y | is bounded away from zero and not too large in other words

Omin S |Uk| S Omax

for some constants omin, Omax > 0. This very simple approximation allows to com-
pute directly dy = —o}F(xx) instead of having to solve a linear system. The algo-
rithm corresponding to the spectral method is presented below.
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Algorithm 3: Spectral method | Suitable for n = m

Data: Starting point xg € R"

Bounds 0 < Omin < Omax < 00

Initial spectral coefficient 0y € R with 0pmin < |00| < Omax
Step0. Setk=0
Step1l.  dy = —o F(xy)
Step 2.  Pick a step size ay > 0
Step 3. Xpr1 = Xg + ogdy
Step4.0. 0= z:;% with sp = xpy1 — x¢ and yx = F(x01) — F(xg)
Step 4.1. If 0pnin < |0] < Omax thenset oy, =0
Step 4.2. Otherwise take arbitrary oy 1

such that Omin < |0k 11| < Omax

Step5. Dok < k+ 1 and go back to Step 1.

The spectral method applied to the optimization problem min, g¢(x), which can be
done by looking for stationary points so F(x) = Vg(x) = 0, corresponds to a gradi-
ent method. We refer to Birgin, Martinez, and Raydan [3] for additional information.

Notice that oimax and omin are often chosen very large and very small respectively,
typically omin = 10710 gpax = 1010, Tt implies that the constraints on the spectral
coefficient are almost technical assumptions hence for most of the iterations, we have

S]];Sk

55k (1.12)
LYk

Ok+1 =

The formula (1.12) is mainly motivated by the secant equation (1.11) which becomes
for the spectral method
Byi15x = b Sk =
k-+15k T k= Yk

1
. Tk+1
to be true but if we consider the least square solution then we obtain

Let’s define A1 = . Obviously the equation Ay 15, = yx has nearly no chance

Akpr = argmin |[Asg — y[*

= argrr}\in s,fskﬁz - ZS;fyk/\ + ylzyk

T T
sTyx sTs
k k
Sk Sk Sk Yk

If we solve instead the least square problem
- . 2
Ok1 = min |[oy — 5|

then we get a different spectral coefficient provided by the formula (1.13).
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¢ Yk
Vi
One can check that the spectral method for n = 1 with the spectral coefficient given
either by (1.12) or (1.13) reduces to the well-known secant method :

Ok+1 = (1.13)

Xk — Xk—1
xk) — F(xk—1

= Xp — F
Xk+1 = Xk — Kk F( ) (xk)

where ](x;) is approximated via the finite difference

F(xy) — F(xx—1)
Xk — Xk—1

J(xx) ~

Nevertheless, the spectral coefficients (1.12) and (1.13) results generally in different
methods which are highly nonmonotone and relatively efficient given the very low
computational cost of an iteration.

1.6 Line search

Until now, we don'’t really specify a way to find "good" values for a; > 0. We might
think about taking ay = 1 for all k. The iterations with the unit step are said un-
damped and lead usually to a faster convergence. Nevertheless, purely undamped
methods are relatively hazardous for general problems as the steps might become
out of control and generate iterates that never succeed to reach the solution.

Another approach consists to define beforehand a given sequence (), describing
the step lengths, for instance ) = ﬁ The idea is that at the beginning we are
enough confident to make large steps but as we get closer to the solution, we try to
reduce the size of the steps in order to avoid missing the solution.

Concerning the methods presented here, we will mainly focus on a dynamical proce-
dure called line search which computes «j such that xx,1 = x; + a;dj satisfies some
condition. The line search algorithms are widely used in the optimization field and
usually require the computation of f(x; + axdy). The name "line search" comes from
the fact that we only look at f along the search direction di. Since we are looking
for a minimum, it would make sense to take aj such that the objective function f is
minimized in the given direction, thus

a = arg miglf(xk + ady) (1.14)
oa>

The strategy (1.14) is known as "exact line search". It works well for structured prob-
lems but in general solving a one dimensional optimization problem can be quite
expensive. Hence, most of the line searches will try to find

o ~ argmin f (xy + ady)
a>0

However, this choice may not be appropriate when the method which provides the
search direction has a highly nonmonotone behavior. The line search condition cor-
responds in general to an inequality which can be written without loss of generality
as ¢(a) > 0 for some function ¢ : Ry — R. If ¢(x) > 0 then we said that a is an
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admissible step size for the line search otherwise ¢ () < 0 and we need to test again
the condition with another value.

The next algorithm try to find a such that ¢(a) > 0 by testing values decreasing
geometrically. We start with & an initial guess (often # = 1 because the undamped
step is more effective). Afterwards, we decrease our last value tested by a factor
B € (0,1) until the condition is satisfied.

Algorithm 4: General line search

Data: Rate of decrease B € (0,1)
Initial guess & € R ¢

Step0. Set!/ =0

Stepl. « = p'a

Step 2. If ¢(a) > 0 then return w

Step 3. Dol < [+ 1and go back to Step 1.

Notice that if ¢ is a continuous function such that ¢(0) > 0 (meaning & = 0 is admis-
sible with the strict inequality) then the line search procedure above will terminate
in a finite number of steps. Indeed, by definition of the continuity, ¢ can’t change
of sign instantly so there exists § > 0 such that for all « € [0, ], we have ¢(a) > 0.
Hence, it exists an interval of small admissible step sizes that we will reach if we
take « sufficiently small.

Ideally, we would like to have a line search specialized for nonmonotone and derivative-
free methods so that we can combine it with the spectral method described previ-
ously. The basic line search, proposed by Armijo [1] is

Floxe +ady) < fxg) +caVf(x)Tdy (1.15)
with 0<c<1

Inequality (1.15) requires the objective function at the next iterate to be smaller than
the tangent to f in x;, where we raise the slope by a factor c. The existence of suf-
ficiently small admissible step sizes can be proven but only when V f(x;)Td) < 0.
Because for « — 0, we have

f(xk + ady) _f(xk) _ vf<xk)Tdk < CVf(xk)Tdk

44

An issue with the Armijo line search is that we always impose that the next iterate
decreases the objective value. In order to allow a nonmonotone behavior, Grippo,
Lampariello, and Lucidi [12] proposed the following line search

di) < _; Td 1.16
f(xk+ adi) < Ogjgn{gl&z;fol)f(xk j) +caV f(xi) " dy (1.16)

with 0<c<1 and M € Nyg

This line search is a generalization of (1.15) since we take the maximum function
value over the last M iterates instead of only the current one. Similar results hold
for the existence of an admissible value of a as if (1.15) is satisfied then it will also
be the case for (1.16). However, both line searches make use of V f(x;) which is not
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allowed in the context of derivative-free methods. In addition, the requirement of
using only descent directions can’t be done easily in our set up. For instance, if we
consider the search direction provided by the spectral method dy = —0F(xy) then
we can see that V f(x)Tdy = —0xF(x) 7] (xx) F(x) < 0 can’t be guaranteed easily.

A line search that fixes some of these issues is the one from Li and Fukushima [15] :

||F (i + adi) || < (1+6¢) [[F(xe) || — pa® ||l (1.17)

with p>0 and 6 > 0such that Z O < o0
k=0

Here, we can prove that the line search will terminate in finitely many steps without
any restriction on the search direction because we can write (1.17) as

¢(a) = (14 6)||F(xi) || — [|F(xx + ad) || — pa®[|di||> > 0

and ¢ is continuous with ¢(0) = 6x||F(xx)|| > 0 when x; is not the solution. Con-
trary to (1.16), a method using the line search (1.17) will behave asymptotically as a
monotone method because } ;7 0y < co which implies that 6, — 0 quickly enough.
Therefore, we have for large values of k

0 < pa?||di|[> < (1+ 0) [[F(xi) || — || F(xic + ad) || = ||F (xie) || = || F (i + adi) |

Cruz, Martinez, and Raydan [6] describe a new line search combining features of
both line searches (1.16) and (1.17) which is particularly well-adapted for nonmono-
tone derivative-free methods namely

di) < _) + 6 — pa? 1.1
(i + i) _OSjSHIEl?kX,M_l)f(xk i)+ Ok — pa” f (xx) (1.18)

with p >0, M&€IN-y and 06 > 0such that Z O < o0
k=0

The nonmonotone behavior of (1.18) is mostly ensured by

0<j<min(k,M1) fGak-y)
and this effect becomes more important when we take large values for M. This
nonmonotonicity may also come from 6; > 0, nevertheless as explained before this
quantity tends relatively rapidly to zero as k increases. Finally, the purpose of the
term —pa?f(x) is to obtain theoretical convergence results which will be explained
in the next chapter. Again, we can check that line search procedures that decrease
the step size at each iteration will terminate because

o) = ogjgrﬁfz?,M_l)f(xk*j) ~ ot od) + 0= pa’f (v)

is continuous and satisfies

0)= i) = 0, > 6, >0
#(0) Oéjgnrlri}la}kx,M—l)f(xk i) = f(x) + 0 > 6k
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1.7 DF-SANE

The method DF-SANE introduced by Cruz, Martinez, and Raydan [6] is at the origin
of the algorithm presented in this thesis. The name DF-SANE stands for "Derivative-
Free Spectral Algorithm for Non-linear Equations”. It is a spectral method where we
consider two possible search directions dy = 0} F(x;) combined with the line search
(1.18), as described in what follows :

Algorithm 5: DE-SANE | Suitable for n = m

Data: Starting point xo € R”
Bounds 0 < 0pmin < Omax < 00
Sequence (0 );>, with 0 > 0and Y 32, 6 < oo
Line search parameters p > 0, M € N>, 8 € (0,1)

Step0. Setk=0

Step 1. Compute 0y such that omin < [0%| < Tmax
Define dy = —o3F(xy)

Step 2.0. Setl =0
fi = maXo<;j<min(k,M—1) f(xk—j)

Step 2.1. If f(x; + ldy) < fe+ 6 — p (B')” F(xi)
then set ay = !, d = dj and go to Step 3.

Step 2.2. 1f f(x — Bldy) < fi+ 6 —p (B')" f(xi)
then set ay = B!, d = —d; and go to Step 3.

Step 2.3. Dol <[+ 1 and go back to Step 2.1

Step 3. Xki1 = Xk + apd

Step4. Dok < k+ 1 and go back to Step 1.

In the paper of Cruz, Martinez, and Raydan [6], the following theorem is proved
about DF-SANE.

Theorem 1.3. — Suppose F : R" — R" is continuously differentiable and (x);>, is a
sequence generated by DF-SANE. If X is a limit point of the subsequence (xv(]-),l)]?"’zo with

o(j) = arg i) ﬂﬁékngf (xx)
then
F(x)TJ(%)F(x) =0 (1.19)

This result remains valid when we take the merit function f(x) = ||F(x)|| but for
f(x) = 3||F(x)||?>, we can write (1.19) equivalently as

VF(x)TF(x)=0

hence at any limit point ¥ the gradient V f and the residual F are orthogonal. This
means that we might have F(%) # 0. However, if the mapping F is pi-strongly mono-
tone, then

0=F®)'J(DF) 2 pllF®)I|* = Fx) =0
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Finally, note that none of the theoretical results requires explicitly 0y, = o with
0= —F— if  Omin < ’0" < Omax

but the implementation is usually done in the same way as with the spectral method
because it works well in practice.

1.8 DF-SAUNE

For underdetermined systems, DF-SANE can’t be applied directly. Indeed, one can
simply remark that it is not possible to sum up the search direction dy = —oF(x) €
R™ with the iterate x; € R". The paper of Echebest, Schuverdt, and Vignau [9]
gives a method equivalent to DF-SANE from Cruz, Martinez, and Raydan [6] when
n = m but with the possibility to handle also the case n > m. Analogously to DF-
SANE, the author called this new method DF-SAUNE for "Derivative-Free Spectral
Algorithm for Underdetermined Non-linear Equations". DF-SAUNE is inspired by
the augmented Jacobian algorithm presented in Walker and Watson [21]. In this
method, the search direction di € R" is found by solving the square system of linear

equations
<]<"/‘kk)> d = (‘F(()xk)> (1.20)

where V;, € R("")*" 5 chosen such that the full matrix in equation (1.20) is in-
vertible. As a reminder for the spectral method with m = n, we approximate the
Jacobian by some multiple of the identity matrix nevertheless here the Jacobian is
not square hence we take instead

() ~ ~E (1.21)
Ok
where E; € R™*" is a matrix with a very simple structure which reduces to Ex = I
for all k in the determined case. The authors Echebest, Schuverdt, and Vignau [9]
choose a periodic sequence (Ey)g, meaning that we repeat infinitely a sequence
Eo,Eq,...,En—1With N = [%1 . If n is divisible by m then the matrix Eo, E1, ..., EN—1
are made of N blocks with size m x m as follow

Ei=(0 0 --- I --- 0) (1.22)

where the jth block that composes E; is the identity matrix and the others are set to
zero. When I is not an integer Eg, E;, ..., Ex_; are built in the same way but the
last block of Ey_1 will only consists in the n — (N — 1)m first columns of the identity
matrix and the remaining columns will be the first columns of Ex_1. We clarify the
above with a simple example form =3andn =7soN = [2] =3

1000000
Ey = (0 10000 0)
001 00O0O
0001O0O00O0
E = (0 00010 O)
000O0O0OT1QO0
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-

Combining the ideas of equations (1.20) and (1.21), we get

1 (E [ —F(x)
LE)a- ()

If we choose Vi such that the rows of E; and V} form the canonical basis of R"”

— o O

0
0
0

o OO
N O O O
o O O
S O =

then (5") is invertible and also orthogonal hence multiplying equation (1.23) by
k

the transpose gives

1 or oy (FG)\ o1
O'kdk = (Ek Vk ) < 0 = Ek F(xk)
= dp= —UkEEF(xk)

This particular choice of search direction leads to DF-SAUNE, we give thereafter
the pseudo-code for completeness but there are only few modifications compared to
DF-SANE. Notice that we can write

< i)+ O — pa?| || 2
flp) = max - FGe) + 0 = pacldl

= i) + 6 — 2pa°0
ocjcmmax, o Gij) + O = 2pai f ()

because
||di| > = oF [|ELF () [P = 0 | F(xi) |1 = 207  (xk)

thus the line searches of DF-SANE and DF-SAUNE are also closely related.
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Algorithm 6: DF-SAUNE ‘ Suitable forn > m

Data: Starting point xo € R"
Bounds 0 < 0pmin < Omax <
Sequence (0 ), with 0 > 0and Y ;2 6 < oo
Line search parameters p > 0, M € N+, f € (0,1)
Matrices (E);>, with size m x n, see definition (1.22)
Step0. Setk=0
Step1l.  Compute 0} such that omin < |0k| < Omax
dp = —0xEL F(xk)
Step2.0. Set! =0
fi = maXo<;j<min(k,M—1) f(xk—j)
Step 2.1 If f(x + Blde) < fi+ 60— p (B')” ||k
then set & = B!, d = di and go to Step 3.
Step2.2. If f(xx — Bldi) < fi+ 0 — p (B')” ||di]
then set & = B!, d = —djy and go to Step 3.
Step 2.3. Do < [+ 1and go back to Step 2.1
Step 3. Xk = Xg + ogd
Step4. Dok < k+1and go back to Step 1.

An adaptation of the proof in Cruz, Martinez, and Raydan [6] for DF-SAUNE gives

an almost identical result :

Theorem 1.4. — Suppose F : R" — R™ is continuously differentiable and (xi)52, is a

sequence generated by DF-SAUNE. If % is a limit point of the subsequence (X (j)—1)

v(j) = arg Y S (xk)

then there exists jo € {0,1,...,N — 1} such that

F(x)TJ(%)E[F(x) =0

1.9 General class of methods

@ o with

In view of the astonishing numerical results of DF-SANE, see Cruz, Martinez, and
Raydan [6], a more quantitative approach was needed in order to better understand
the method theoretically. The paper from Grapiglia and Chorobura [11] presented a
general class of derivative-free nonmonotone methods which includes DF-SANE as

a particular case. The line search condition is extended as follow

f(xrs1) < f () + v + 6 — pa® £ (xe)

with >0, 1 >0 and 6 >Osuchthat ) 6 <6 <oco

k=0

(1.24)
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We can show that (1.24) leads to a well-defined line search procedure with a similar
reasoning as for (1.18) because vk 4 6 > 0. The nonmonotone behavior of this line
search is mainly characterised by the choices for the sequence (vj);>, which is not
necessarily a summable sequence. If we decide to define

Ve = —f () +0§]’§mmin?i(,Mfl)f(Xk_j)

then we recover the line search of DF-SANE.

Algorithm 7: General method | Suitable for n = m

Data: Starting point xg € R"
BOUI’IdS 0 < Umm S O'max < ©
Sequence (vg)p>, with vx > 0
Sequence (6x);>, with 6y > 0and ) > (6, < 6 < o0
Line search parameters p > 0, B € (0,1)
Step0. Setk=0
Step 1. Compute 0y such that omin < |0%| < Omax
dy = —0oicF (xx)
Step 2.0. Set! =0
2
Step 2.1. If f(xx + Bldx) < f(xk) + v + 6k —p (B')” f(xk)
thensetly =1, ap = ﬁlk, d = di and go to Step 3.
2
Step 2.2, Iff(xk — ‘Bldk) < f(xk) + v + 6 — [y (‘Bl) f(xk)
then set [y = I, ay = B, d = —dy and go to Step 3.
Step 2.3. Dol < [ +1and go back to Step 2.1
Step 3. Xgi1 = Xg + axd
Step4. Dok < k+1 and go back to Step 1.

The authors focus on finding a point & such that ¢(X) < e where

P(x) = { min (|F(0)l, Ffeg) i F(x) #0 (1.25)

0 otherwise

The convergence analysis of the method is done under some hypothesis about the
problem and the parameters of the method which are

H1 The Jacobian J(x) is Lipschitz continuous.
H2 The sequence (vi)g2, is summable so ) ;2 v < v < oo.

H3 The sublevel set Lf(xo) = {x € R" | f(x) < f(x0) + v + 0} is bounded.

We now give an important result from Grapiglia and Chorobura [11]

Theorem 1.5. — Suppose that H1, H2 and H3 hold and let (x)3°_, be a sequence generated
by Algorithm 8. Given a tolerance € > 0, we consider the set given by

Q(e) = {ke N | p(x) > e}
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then we can bound the number of elements in this set as follow
f(x()) +v+0 6_2
: 1 2;6(7—min 2
p mln ’ p+L0—l’%laX

This theorem implies that the method is able to find & with ¢(%) < € within O (e~2)
iterations. Furthermore, it was also shown that if (x;) > € for some € € (0,1) then
the step size at iteration k is bounded from above namely

Q)] <2

Ay > TE

for some constant T > 0. From there, we can deduce a bound for the number of
function evaluations because we have

log(te)
log

Notice that the number of function evaluations at iteration k is at most 2(lx + 1)
because for | = 0,1,...[; we need to check both directions (or potentially only one
at the last step). Hence Algorithm 7 with a summable sequence (vx);> , must perform
O (e ?log(e!)) computations of F(x) to find ¥ such that (%) < e.

y=pt>1e = <

Another method called N-DF-SANE from Cheng and Li [5] is also described and it
is shown in Grapiglia and Chorobura [11], that this method belongs to the class of
methods corresponding to Algorithm 7. N-DF-SANE is a variant of DF-SANE which
demonstrates better results on most of the numerical tests compared to DF-SANE.
The line search condition used in N-DF-SANE is

f(xi1) < Cr+ 6 — pai f(xi)

with p >0, M€ Nso and 6 > 0such that ng <0 <o
k=0

The sequence (Cy )2, characterizing the nonmonocity of the method is defined by

Cir1 = (1 = 0k41) (Cr + k) + Op1 f (Xk1)
with ;1 € (O, 1] and Cy= f(xo)

Afterwards, the problems with a u-strongly monotone mapping are considered in
Grapiglia and Chorobura [11] where we can remark that

IVA()TF()| _ [F(x)T](x)F(x)|

E@)] I[E(x)]] > p[|F(x)]]

Therefore,
P(x) <e = min(l, u)||F(x)||<e€ (1.26)

On top of this improvement in the previous results, they also consider two other
methods using the following parameters

=0, =70 with0<y<1landfy >0
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and prove complexity bounds in O (log(e~!)) for both iterations and function eval-
uations to find an iterate £ such that f(x) = 1||F(x)||* < e. Notice that according to

(1.26), the general method Algorithm 7 has only a complexity of O (6‘_1 log (e 2 )) to

find ¥ such that (%) < e. In particular, one of these two methods uses an adaptive
approach for the step size that is to say

I—1
Qg1 = B g

I
Xk+1 = X + agBrdy

Here, the notation «; doesn’t correspond to the step length anymore which is ac-
tually a;B’. Instead, it is the guess that we make at the first iteration in the line
search. This strategy keeps in memory information from the last step and we will
investigate it further in Chapter 2.

1.10 Contributions
The goals of this work are :

<> Present a new class of derivative-free methods
< Prove worst-case evaluation complexity for two new methods
< Experiment and compare numerically these new methods

<> Provide a new way to generate adversarial example in the black-box setting
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Chapter 2

New class of methods

In this chapter, we present a new class of methods for solving underdetemined systems of
nonlinear equations. Then, we focus on two particular methods belonging to this class and
prove complexity bounds regarding the number of function evaluations.

2.1 Search direction

The new class of derivative-free nonmonotone methods for solving underdetermined
systems of nonlinear equations proposed in this thesis is a quasi-Newton method.
More precisely, in such method, the search direction d; € IR" is computed by solving

Bydy = —F(x) 2.1)

where By € R™*" aims to approximate the Jacobian J(x;) and thus imitates the
"ideal" behavior of the Newton method. We have seen in Chapter 1 that methods
choosing a simple structure for By in order to be very cheap, remain quite competi-
tive in practice. We consider the approximation of the Jacobian given by

1
By = —Ex =~ J(xx) (2.2)
Ok
We remind that ¢; € R is the spectral coefficient which must be bounded as follow
0 < Omin < |0'k’ < Opmax < 00

with some constant bounds opmin and omax. Nevertheless, it is almost a technical as-
sumption required in the proofs as we often pick iin, Omax respectively small and
large enough. The matrix E; in equation (2.2) somehow represents approximately
the structure of the Jacobian. As a reminder, the spectral method presented in Chap-
ter 1 is such that E; = I for all k hence we would like to generalize it to underdeter-
mined systems of equations.

In the new method, we define E; € R™*" as a matrix whose rows are distinct and
belongs to the set {e1,ez,...,e,}. The vector e; € R" is made of zeros except the ith
component which is equal to 1. One can easily check that if m = n then we recover
the spectral direction.

An important property which will be used again later is that for any matrix Ej de-
fined according to the previous rule, we have

ExEl =1 (2.3)
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Notice that all the proofs done in this chapter are still valid if we only require that
each matrix in the sequence (Ey);” , satisfies the equation (2.3). However, using ma-
trices with entries in {0,1} allows to compute very quickly the matrix-vector prod-
uct. Moreover, a valid search direction in the sense of (2.1) is provided by

dy = —0xE}f F(xy) ] (2.4)

Indeed, if we use equation (2.3) then we find

1
Budh = (B ) (~otELF(x0)) = ~EETF(w) = ~F(x,)
Ok
Thus, the definition of By can be interpreted as follow :

Choose m variables and consider the other n — m as constants. Afterwards the new
system of equations has m unknowns and m equations so we can apply a spectral
method step to the corresponding subset of variables.

The formula for the spectral coefficient used in practice when its absolute value
is contained in [Oimin, Omax] must be somewhat modified compared to the spectral
method of Chapter 1. Again, we consider the secant condition

1
Bii1sk = KEk-HSk = Yk (2.5)
Jr

where sp = X1 — x¢ and yx = F(xx41) — F(x). Given our choice of approximation
for the Jacobian, it is quite unlikely that the equation (2.5) holds. Nevertheless, if we
define Ay 1 = and consider the least square solution

Of41
A1 = argrr}\in [|Exs15k A — k|
then we get, thanks to the normal equations
(Exs1si) " (Esrsi) Ak = (Eisrsi) v
Hence, we deduce the formula

(Ek+15k)T(Ek+1sk)
o = 2.6
s (Exg15%) Ty 26)

2.2 Line search

We remind that we aim to minimize the merit function

Fx) = 3 [IFIP

At each step, we consider either the search directions dy provided by equation (2.4)
or —dy. We check the opposite direction of dj too because it is not clear which one is
suitable for the minimization of the merit function f(x).
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The line search is almost the same as Grapiglia and Chorobura [11] and corresponds
to finding a step length a > 0 such that we have for either

Xky1 = Xk + Dédk or Xygtp1 = Xk — zxdk

The next inequality which holds

f(xi1) < F(xx) + vie + 0 — prea® f(xi)

with p>0, v >0 and 06 > 0such that 29k§9<oo
k=0

(2.7)

The purpose of the parameter 7 in inequality (2.7) is to be able to prove theoretical
results for the line searches in both methods proposed in Grapiglia and Chorobura
[11] and Echebest, Schuverdt, and Vignau [9] corresponding respectively to 7, = 1
and v, = 20’,3. Since the spectral coefficient o} is bounded, we have also

Ymin < Yk < Ymax (28)
where

Ymax =7min = 1 for Grapiglia and Chorobura [11]

Ymax = 20'3[13)(, Ymin = ZUﬁﬁn for Echebest, Schuverdt, and Vignau [9]

As seen in Chapter 1, the summable sequence of positive numbers (6;), allows
to have a well-defined line search and the second sequence (vi)g, can be used to
design a large range of nonmonontone methods. Notice that the proofs thereafter
will require that ) ;> , vx < co but it is not necessarily the case for the general class of
methods considered.

2.3 Different strategies

The general class of methods obtained with the search direction and the line search
presented above is provided explicitly in Algorithm 8.
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Algorithm 8: New class of methods ‘ Suitable forn > m

Data: Starting point xg € R"
Initial guess ap > 0
Bounds 0 < Opmin < Omax < 00
Sequence (vx)p>, with vx >0
Sequence (6y);> , with 6 > 0and Y ;> (6 < 6 < o0
Line search parameters p > 0, B € (0,1) and 7y, defined as 1 or 207
Matrices (Ey);> , with size m x n and distinct rows in {eq,e2,...,€,}
Step0. Setk =0
Step 1. Compute 0y such that omin < |0k| < Omax
dp = —0xELF(xx)
Step 2.0. Set!/ =0
Step 2.1. Iff(xk + (Xk‘Bldk) < f(xk) + v + 0 — p’yk(zxkﬁl)zf(xk)
then set [y = I, d = dj and go to Step 3.
Step 2.2. If f(x — agpldy) < f(xx) + vic + 6 — o (eB’)*f (xe)
then set [, = I, d = —dj and go to Step 3.
Step 2.3. Dol <[+ 1 and go back to Step 2.1
Step 3. Xkp1 = Xk + (Xlelkd
Pick initial guess a1 for the next iteration
Step4. Dok < k+1and go back to Step 1.

Notice that we have many degrees of freedom in Algorithm 8 as the definition of the
sequences (0x)ro, (V)i (Ok)ey, (Ex)ie and ()2, are not specified. Typically,
0y is defined according to the formula (2.6) and we often set

o A

%=Tre & h=x

with 6 a positive constant, one can check that we have ) >, 6y < .
Furthermore, if we define

ve = —f () + ojcmmax, o f (xk—)

then we recover DE-SAUNE or it is also possible to simply pick vk = 0.

Each matrix Ej translates mathematically which subset of m variables among n are
updated at iteration k. We describe three possible ways of doing this without ex-
plicitly giving the corresponding matrices. The first two strategies use periodic
sequence. It means that we repeat indefinitely the matrices Ey, Ey, ..., Ey—1 with
N € N, the period of the sequence.

4 Standard strategy : The sequence (E;), is periodic with N = [Z]. Itis

m

the same strategy as DF-SAUNE from Echebest, Schuverdt, and Vignau [9],
see also Chapter 1. Each matrix E; forj =0,1,...,N — 2 defines the subset of
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variables with indices
jm, jm+1, ..., j+1)m—1

If n can be divided by m then the subset corresponding to Ey_1 is defined simi-
larly, otherwise we complete the last subset of variables with the first variables
in order to have m variables in this subset.

< Modulo strategy : The sequence (Ey);- , is periodic with N equal to the lowest
common multiple of 7 and m. Each matrix E; forj = 0,1,..., N — 1 defines the
subset of variables with indices

jm, jm+1, ..., (j+1)m—1  modulo(n)

where we use the modulo operator to say that when indices overcome 7 then
we take the remainder of their division by n. Notice that when 7 is divisible
by m then it is the same strategy as previously.

< Random strategy : Each matrix E; for j = 0,1,..., N — 1 defines a subset of
m variables chosen randomly among n. This sequence is particularly useful
when we don’t want to have a regular pattern, see application in Chapter 4.

In the line search of Algorithm 8, we check successively for [ = 0,1,2,... if the line
search condition (2.7) is satisfied by the step size & = a8’ where &y is a guess value
used at the first line search iteration. We present two different ways for defining the
sequence of guess (a) .

<> Memoryless method : The first step size tested in the line search will always
be the same so &y = ag for all k. We call this approach "memoryless" because
it doesn’t take into account the information from the past steps. However, it is
not really a drawback as we usually fix ag = 1 hence we try first the undamped
step which is often the most efficient.

<> Adaptive method : This approach is called "adaptive" because the guess at
iteration k + 1 is adapted based on what we know from iteration k. More pre-
cisely, we pick ay,1 = axB% ! meaning that the next guess is the effective step
size at the previous iteration which is increased by a factor 8~!. Therefore, we
do a guess which aims to be closer to the actual true step size in the hope of
observing less function evaluations in the line search.

We will provide theoretical results for both Memoryless method and Adpative method
regardless of the particular definition of the sequence (Ey)g, but we will need an
additional assumption about the sequence (v¢);.

2.4 Auxiliary results

In this section, we present four lemmas which will be important tools for carrying
the convergence analysis of Algorithm 8. We consider the following assumptions :

A1 The Jacobian J(x) is Lipschitz continuous with constant L;

A2 The sequence (vx);, is summable so } 22 g vx < v < o0
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A3 The sublevel set L¢(xo) = {x € R" | f(x) < f(xo) +v+6}
is bounded namely Dy = sup {||x — xo|| | x € Lf(x0)} < o0

Lemma 2.1. — Any sequence (xi )5, generated by Algorithm 8 remains in the sublevel set
Li(xo) ={x € R" | f(x) < f(x0) +v +6}
Proof. By the line search condition (2.7), we have

f(xe1) < fxk) +ve + 6

Therefore
k—1

flxe) < flxo) + Y (v +6k) < f(xo) +v+6

j=0
]

Lemma 2.2 and Lemma 2.3 are mainly consequences of the fact that J(x) is Lipschitz
continuous. We use conv(A) to denote the convex hull of A C R".

Lemma 2.2. — Under the assumptions A1, A2 and A3, we have for all x,y € conv(L¢(xo))

[IF(x) = F(y)Il < (L;Do+ (1] (x0)[]) [x =yl
Proof. For any x,y € conv(Ls(xo)), Taylor’s expansion gives for some A € [0,1]
F(x) = F(y) + J(Ax + (1 = A)y)(x — )

Therefore

[[F(x) = F()I] < [[J(Ax + (1 = Ay [|x =y

<

< ([JAx 4+ (1= A)y) = J(xo) [l + [T (x0)[] ) l|x = yl|

< (Lyl|Ax 4+ (1 = A)y — xol [+ [|J(x0) ] ) []x —yl|

< (LyDo + [[J(x0)I] ) [|x = yl] (2.9)

The last inequality (2.9) comes from the fact that if z € conv(Lf(xp)) then we have
||z = xol[ < Do

It can be shown by writing z as a convex combination of two elements in L(xp).
Ul

Lemma 2.3. — Under the assumptions A1, A2 and A3, the function f(x) = J||F(x)||?
restricted to the domain conv(Ls(xo)) has a L-Lipschitz gradient with

L = (LyDo+ ||](x0)[[)” + L;Do(L;Do + [|](x0)|1) + Ly ||F(xo)]|
Proof. For any x,y € conv(Ls(xp))

IVf(x) = VW)l = 1] (x)"F(x) = ] (x )TF( )+ J(x)TE(y) = J(y) E(y)
< [JOIHIE@) = FW)I+ [1T(x) = JWIHIEWIT - (210)
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If we use Lemma 2.2 and the Lipschitz continuity of J(x) then equation (2.10) becomes

IVF(x) = VWl < (IT(x) = T (xo) ] + [T (x0)l[) (LyDo + 1] (x0)l) [Ix =yl
+ Lyllx = yll (11F(y) = F(xo)[[ + [ (x0)[])

< (1D + 11 (x0)I 1 + LyDo(LyDo + 11 x0)l[) + Lyl FGo)ll) 11 =yl
O

In the following, when we assume that [(x) is Lj-Lipschitz, the Lipschitz constant
of Vf(x) induced by Lemma 2.3 will always be denoted by L. Lemma 2.4 states a
sufficient condition in order to have an admissible step size for the line search (2.7).

Lemma 2.4. — Under the assumptions A1, A2 and A3, let xy be an iterate generated by
Algorithm 8 such that V¥ f (x)Tdy # 0 and

|(Ekvf(xk))TF(xk)’ where ¢ 20min

O<a<c - crmm
o HF(xk)Hz La-rzrlax+p’Ymax

then at least one of the two inequalities below is satisfied

f e+ adi) < f(x) +vie + 0 — pyeaf (xe)
fxe — ady) < f(x) + vie + O — pyea®f ()

Proof. We show the statement by contraposition and define the function ¢ as

¢ (t) = floxg + td) — f(xx) — v — O + pvit f (xx)

Notice that ¢ (0) = —vx — 6 < 0 and ¢ (a) > 0 by hypothesis, since we assume
that the line search is not satisfied by the step length a. From the Intermediate Value
theorem, we know that there exists t € (0, a) such that

¢y (b)) = flxe+ trde) — f(x) — v — O + ot f () = 0 (2.11)

Moreover, by Lemma 2.3 V f is L-Lipschitz on conv(L(xo)) !, thus we can bound the
Taylor expansion of f as follow

L2

Fl+ tpdi) < fla) + £V F(x) Ty + — |1k ?
2
Flor A+ tedi) = f(x) < £V f () Ty + %\ |dil[? (212)

By combining (2.11) and (2.12), we obtain

L2
t V() Ty + T+ | dk||* — v — Ok + pyiti f(xk) >0

L#2
f k][> + oyt f (k) > =tV f(x) T di

'Note that we should prove formally that x; + t4di € conv(L(xp)) but it can be shown with
equation (2.11) and a reasoning analogous to Lemma 2.1
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Now, we introduce the definitions of the search direction d; = —(TkEkT F(xx) and the
merit function f(x) = 1||F(x)||* hence

Lt? T

Yet?
f |lowEX F (xi) ||> + pT+|\F(xk)|\2 > out4 V f (xi) TEF F(xy)

Now, we recall that o and -, are bounded, furthermore EkE,{ = I hence

Lo, + PYmax
= LI ¢ [F () |P > 0 (EeV £ () TF(xi)
T
> 20 (ExVf(xx)) ZF(xk) (2.13)
Logax + PYmax ‘ |P(xk) ‘ |
If we use a similar reasoning for
¢ (1) = f(xx — tdi) — f(xx) — vic — O+ o7t f (xc)
We deduce that it exists t— € (0,a) with ¢_(t—) = 0 hence
T
P> — . 20y (Ekvf(xk)) f(xk) (2.14)
LU.max + P'Ymax ‘ ’F(Xk) ‘ ’
Finally, the claim follows from the fact thata > t, and a > f_.
Therefore, by combining inequalities (2.13) and (2.14), we deduce that
2|y | |(ExV f (xx)) "F (%) |
&z 2
Logax + P Ymax ||F(xk)||
20min |[(ExV f (xx))TF(x1)|
N L(Ttgnax_'_p’)’max HP(xk)Hz
0

We can observe that the main difference with Grapiglia and Chorobura [11] is that
(ExV f(xx))TF(xy) appears instead of V f(x;)TF(x) meaning that we only consider
a subset of the gradient’s components. Thereafter, we might be interested in the
quantity defined by

wi = aB||F(xi) || (2.15)

Lemma 2.5. — Let (xi)¢, be a sequence generated by Algorithm 8, then we have

T—1
Zw%SQ where QzZM
k=0 ©PYmin

Proof. By the definition (2.15), the line search condition (2.7) can be written as

fxirn) < flxe) +vi + 0 — pvic () f (xe)

Pk (@B 2| F ()| < Fxi) = f(xr41) + v+ 6

2
- P’Y% w,% < f(xk) — f(ka) + v + O
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Finally, taking the sum for k = 0,1,...,T — 1 gives

PYmin -1
min Y wf < flxo) = flxr) + X (v 6)
k=0 k=0

T-1
0
S § w}%ng(x())—i—v—i_
k=0 O Ymin

O]

We are now ready to establish an upper bound on the required number of iterations
to find an iterate x; such that ¢ (x;) < e with a given tolerance € > 0 and

oy { mn (P S 5 100

0 otherwise

Notice that if ||F(x)|| < € then ¢ (x) < € but the converse is not true. Moreover, the
function ¢, which measures the accuracy of iterate x; depends itself on k through
the current matrix Ej.

Thereafter, we only consider two particular cases of Algorithm 8§ namely the Memo-
ryless method and the Adaptive method. However, this can also be done for other
choices as long as one can show that

Pe(xg) > = wp > Ter

for some constants T € R and p € IN. As a quick reminder, these methods differ
only by the update formula for the guess aj 1. The Memoryless method picks

oy =09 fork=0,1,2,...
while the Adaptive method takes

K1 = ock,Blk_l fork=0,1,2,...

2.5 Memoryless method

Thereafter, we prove in Theorem 2.1 and Corollary 2.1 that the Memoryless method
has complexity bounds given by

T=0(e?)

V=0 (e?log(e ) (2.16)

where T, V are respectively the number of iterations and function evaluations to
find xr such that ¢r(x7) < € with a tolerance € € (0,1).
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Lemma 2.6. — Under the assumptions A1, A2 and A3, let (x)>_, be a sequence generated
by the Memoryless method. Suppose that for some € € (0,1) we have

Pe(xg) >€ for k=0,1,...,T—1
then forany k € {0,1,..., T —1}
wi = o B||F(xp)|| > e where 7 = min(ag, Bc)

Proof. The step length at iteration k is equal to aB%, we consider two cases depend-
ing on the value of Iy. When [ = 0, the claim is obviously true because

wi = ao||F(xx)|| > age

Otherwise Iy > 0 and we can apply Lemma 2.4 to & = aoB% ! which can’t be an
admissible step size for the line search so

|(ExV f(x))TF ()| S o ()

-1

B> TR 2 TG
I €

= P PR

Hence, we deduce that wy = aop||F(x;)|| > Bce
t

Theorem 2.1. — Under the assumptions A1, A2 and A3, let (xi);>, be a sequence gener-
ated by the Memoryless method. Suppose that for some € € (0,1) we have

e(xg) >€e for k=0,1,...,T—1

then

Proof. From Lemma 2.6, we know that wy > e fork =0,1,...T -1,
then we combine this with Lemma 2.5

T—1
Y wp<Q = Tref<
k=0

Thus

O]

Corollary 2.1. — Under the assumptions A1, A2 and A3, let (xi)3, be a sequence gener-
ated by the Memoryless method. Suppose that for some € € (0,1), we find xt the first iterate
with r(xr) < € then the number of function evaluation V is bounded as follow

V<14 ?2 2 <1og1ﬁ1 log (M\/Z(f(xo) +1/+9)> +1> _0 (e”log(e’l))

1 Te
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Proof. By assumption y(xx) > e fork =0,1,...,T — 1 so by Lemma 2.6

The

Ik I
« F(xx)|| =2 e = > 2.17
0B || ( k)||— 1 p _D‘OHF(xk)H ( )
Moreover, as a consequence of Lemma 2.1
IEGll = /2f (x) < \/2(F(x0) +v+6) (2.18)
Then, we use the results (2.18) in inequality (2.17) and take logarithm on both side
e
lxlog B > lo
clogp =2 g(ao\/Zf (x0) +1/—|—9)>
1 20\/2(f(x0) +v+0)
2.1
Zk_l g 1 g( Te 219)

At the end, we combine (2.19) with Theorem 2.1 in order to bound the number of
function evaluations

T-1
V<142) (L+1)

Sl—l—ZT(
e

1 wo/2(f(x0) +v+0)
logﬁ* log < ) + 1)

2.6 Adaptive method

Thereafter, we prove in Theorem 2.2 and Corollary 2.2 that the Adaptive method has
complexity bounds given by

(2.20)

where T, V are respectively the number of iterations and function evaluations to
find x7 such that ¢r(x7) < € with a tolerance € € (0,1). At the first look, the theo-
retical bounds (2.20) of the Adaptive method is worst compared to the bounds (2.16)
of the Memoryless method. We can’t get the same result as presviously because of a
small detail in the proof namely the case Iy = 0 in Lemma 2.7. However, it shows
that the number of function evaluations is bounded and the method may behave
well in practice.

Lemma 2.7. — Under the assumptions A1, A2 and A3, let (xi)3_, be a sequence generated
by the Adaptive method. Suppose that for some € € (0,1) we have

Ye(xp) >e for k=0,1,...,T—1
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then for any k € {0,1,...,T — 1}

wi = axB*||F(xp)|| > 1€® where T, = min ((xo, \/2(f(x(ic—|— o 9)>

Proof. Since we assume that ¢ (xx) > €, we have also ||F(xy)|| > €. Therefore, it is
sufficient to prove
B > e for k=0,1,...,T—1 (2.21)

We proceed by induction, the case k = 0 given by app > 1€ is obviously true for
Iy = 0 otherwise we use a reasoning like (2.22). Then, we assume that the inequality
(2.21) holds. We consider two cases depending on the value of I;1. When [ 1 =0,
we find by the induction hypothesis

a1 B = g = i > ag Bl > e

Otherwise [y, > 0 and we can apply Lemma 2.4 to & = a1 8%1~! which can’t be
an admissible step size for the line search so

|(ExV f(x))TF (x)| > ¢ Wi ()
[[F(xx) | [? — ||F ()]

Ikt €
= MenP > BRG]

With a similar trick as (2.18), we deduce that

I —1
lxk-‘rlﬁ k+1 > C

zxkﬂﬁlk“ > pe € > TE (2.22)

V2(f(x0) +v+0)
O

Theorem 2.2. — Under the assumptions A1, A2 and A3, let (xy);>, be a sequence gener-
ated by the Adaptive method. Suppose that for some € € (0,1) we have

Pe(xg) >e for k=0,1,...,T—1
then

— 2

T < f_: et=0 (e_4>

Proof. From Lemma 2.7, we know that wy > 1e® fork =0,1,...T — 1,
then we combine this with Lemma 2.5

T—1
Ywp<Q = Tget<O
k=0

Thus

O

Corollary 2.2. — Under the assumptions A1, A2 and A3, let (xi)i2, be a sequence gener-
ated by the Adaptive method. Suppose that for some € € (0,1), we find xt the first iterate
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with Y1 (x1) < € then the number of function evaluation V is bounded as follow

Q ®of 1Y) _ —4
N<1+dze+y ﬁllg<€ >—(’)<e )

Proof. Applying logarithm to both sides of the update formula gives

ag =Bt = (I, —1)logp = logay 1 — logay

If we take the sum fork =0,1,...,T — 1 then we find
T—1
logB Y (I —1) =logar —logag
k=0

Since we assume that ¥y (x;) > efork =0,1,...,T—1,
we can write thanks to the inequality (2.21)

Te

B

l 1
xr =ar1 T > —

Therefore

T-1
log B Z(lk —1) > log (TZZ>

sz_T+ e 11g<"‘0ﬁ) (2.23)

At the end, we combine (2.23) with Theorem 2.2 in order to bound the number of
function evaluations

T-1
V<1+2 Z(lk+1)
k=0

T-1
=1+2T+2) I

2 aoﬁ
<
ST g 108 (Tz€>
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Chapter 3

Numerical experiments

Now that we have obtained theoretical bounds, we look at three methods belonging to the class
described in Chapter 2 and observe how they actually behave numerically on test problems.

3.1 Implementation

In all the tests, the methods are implemented in MATLAB (version R2022a) and the
experiments are made with a processor Intel Core i5.

We use the following set of parameters

ng =1 B=05 o= 104 e=10""°
00 =1 Omin= 1071 Omax = 1010 T =1

Furthermore, we might sometimes give the number of function evaluations obtained
when we pick 7, = 2(7,3 as in Echebest, Schuverdt, and Vignau [9]. Nevertheless we
will see that the choice ; = 1 makes that the methods behave generally better on
the considered test set. Both resulting line search are reminded below

Y =1 = flxg1) < f(x) + v + 6 — pa® f (xi)
’)/k:2(7,% = f(xk41) Sf(xk)+Vk+9k_P“2HdkH2

As described in Chapter 2, the spectral coefficient is computed as follow

(Ex415k) " (E415k)
(Ext156) Ty

where sy = x¢1 — x¢ and yx = F(xg1) — F(xx). If the value provided by formula
(3.1) doesn’t satisfy omin < |0%| < Omax then we use the same rule as Cruz, Martinez,
and Raydan [6] and take instead

1 if ||F(xp)|| >1
o =13 10° if ||F(x;)|| <1075
[|F(x¢)|]~'  otherwise

For the moment, we choose to keep free the definition of the sequence (Ey)g, in
order to observe later which options seem the best based on the numerical exper-
iments. Once all these parameters are fixed, a particular method belonging to the
class generated by Algorithm 8 is fully characterized by the sequences (), (Vi )7,
and (6x)5>,-
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We focus our analysis on the following algorithms

< DFSAUNE (abbreviated as DFS)

ap =« Vg = — ; O = = M=2
k 0 k fxx) + min(o,kEnA3§1)gjgkf(x]) k

< Memoryless method (abbreviated as MLS)
A = Ko Vi = 0 Gk = —=
< Adaptive method (abbreviated as ADP)

-1 €
D(k+1:txk,5k l/kZO kai

3.2 Methodology

On one hand, the results are presented in tables containing the number of function
evaluations and the best value of ||F(xx)|| achieved by the algorithm (given this
number of function evaluations). The size of the problem (m,n) is also provided
and one can find the references to the exact formulation in Appendix A.

In the tables, we consider that a problem is solved at iteration k when we have
[[F(xi)|| <max (1, [[F(xo)[]) € (3.2)

The purpose of this stopping criterion is that if ||F(xp)|| is very large then we will

be satisfied by reducing only the relative error % Otherwise we will look at the
absolute error. We also require that the total number of function evaluations done

by the methods must be less than
MAXEval = 30000

If a problem is not solved in the sense of (3.2) within this budget of function evalua-
tions then we write MAXEval in the corresponding column.

On the other hand, we would like to compare the algorithms relatively to each other
with data profiles, a tool introduced by Moré and Wild [17]. We consider a set of
solver S that we want to test on some set of problems P. Given a point x° generated
by the solver s € S, a problem p € P defined by F¥(x) = 0 with f¥(x) = § ||F?(x)||?
and a maximal budget tmax, we define the stopping criterion

f7(x0) = fP(x%) = (1= 1) (f7(x0) — flest) (33)

where 7 € (0,1) and £/, correspond to the best value of f(x) obtained by any solver
in S for problem p with a budget of tmax function evaluations. The inequality (3.3)
can also be written under the form

fr(x*) < flfest + (fp(xo) _flfest)
fp(xs) _flfest <

fp(xO) _flfest - 17
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Thus, the stopping criterion (3.3) can be interpreted as requiring the relative decrease
to be smaller than some tolerance 7 when we take as solution the best point provided
by all the solvers in S. Notice that this criterion depends highly on the set of solvers
considered. For instance, if all the solvers behave badly on a problem p € P then
fl. can be very far from f(x*) = 0 but some solvers might still reach the stopping
criterion. That is why we first need to observe the behavior of the methods with the
stopping criterion (3.2). Then, we compare them according to (3.3).

If we note ¢, s the required number of function evaluations for solver s to find a point
x° such that (3.3) holds for problem p then the data profile curve of s is given by

1
) = o 1{p € P 1o < 1)

In other words, d;(t) is the proportion of problems such that the solver s € S reaches
the stopping criterion in less than t function evaluations. All the data profile graphs
are done with the values 7 = 107> and fmax = 1000.

3.3 Results of the tests
[ First test set

Table 3.1 summarizes the results obtained for the same test set as Grapiglia and
Chorobura [11] which contains 16 problems with a number of unknowns ranging
from 2 to 40. The problems were designed by Moré, Garbow, and Hillstrom [16] to
put more emphasis on the reliability and the robustness of algorithms. Notice that
all these tests are such that n = m so we have E; = I for all k.

Problem | nem # Evaluations miny ||F(xg)|]
DFS MLS ADP DFES MLS ADP
1 2 MAXEval | MAXEval | MAXEval | 1.8735e+00 1.8112e+00 1.5791e+00
2 2 MAXEval 3663 | MAXEval | 1.1782e+01 1.1635e-05 1.1297e+01
3 2 MAXEval | MAXEval | MAXEval | 1.1196e-01 1.1446e-01 3.4622e-01
4 3 MAXEval | MAXEval | MAXEval | 4.2500e+01 4.2500e+01 4.2500e+01
5 4 MAXEval | MAXEval | MAXEval | 7.0768e+00 6.8793e+00 6.4302e+00
6 10 MAXEval | MAXEval | MAXEval | 4.1894e+00 4.0500e+00 3.5309e+00
7 12 MAXEval | MAXEval | MAXEval | 1.2257e+01 1.1915e+01 1.1137e+01
8 10 11 12 60 (57) | 1.0045e-07 9.9205e-08 3.7435e-08
9 40 17707 | MAXEval | 3647 1.2773e-04 1.0590e+01 1.2735e-04
10 10 706 920 345 9.2917e-07 9.5521e-07 8.9314e-07
11 10 6 6 42 (89) | 1.2296e-07 1.2296e-07 8.0665e-07
12 10 59 MAXEval | MAXEval | 4.2521e-06 9.0420e-01 9.8942¢-01
13 10 MAXEval | MAXEval | MAXEval | 2.7949e+00 1.8231e+00 1.9108e+00
14 10 3 3 3 0.0000e+00 | 0.0000e+00 | 0.0000e+00
15 10 19 19 26 1.4945e-13 1.4945e-13 4.2307e-14
16 10 17 17 23 3.4436e-14 3.4436e-14 7.2492e-14

TABLE 3.1: Results obtained with the same test set as Grapiglia and

Chorobura [11]
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If the number of function evaluations obtained with 7, = 207 is different, we add it
to the column "#Evaluations" between parenthesis but miny ||F(xy)|| is always com-
puted only for 7y = 1. The best results with respect to the number of function
evaluations are highlighted . In the case where the problem is not solved, we look
for the best method in terms of ming<<uaxgva1 ||F(x%)||-

We observe in Table 3.1 that the problems 1 — 7 and 12 — 13 are very hard to
solve with Algorithm 8 because at least two of the presented methods don’t succeed
to solve them in the given budget MAXEval = 30000. Nevertheless, the problems 2
and 12 are respectively solved by the Memoryless method and DF-SAUNE with a
number of function evaluations relatively small compared to MAXEval.

Notice that picking x = 1 or y, = 207 has almost no effect on the result. This is due
to the fact that p = 10~ is very small hence —pa?f(x;) and —pa?||d||? are small too
and the line search procedure picks the same step size for both in general. There are
two exceptions occurring for the Adaptive method namely the problems 8 and 11.
In the first case v, = 2(7,3 saves 3 function evaluations but the second case doubles it
hence we are more prone to choose v, = 1.

Overall, DF-SAUNE reaches with less function evaluations the stopping criterion
closely followed by the Memoryless method. Nevertheless, they are widely beaten
by the Adaptive method in problems 9 and 10. Moreover, for the non solved prob-
lems, the values of ||F(x)|| found by the Adaptative method are usually slightly
better. This behavior is a consequence of the way we guess the first step size ay, 4
in the line search. Indeed, the Adaptive method does most of the time less function
evaluations by iteration. It means more iterations which is an advantage when the
step sizes are not too small compared to the other methods.
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Figure 3.1 represents the data profiles corresponding to the problems from Table 3.1.
Contrary to previously, we focus here on performances comparison between the
methods with a lower budget, 1000 instead of 30000 function evaluations. It is worth
to mention that we look at the decrease of the objective regardless if the problem was
solved. One can notice that the Adaptive method reaches after approximately 200
function evaluations, a proportion of 80% problems solved for the relative stopping
criterion (3.3). The data profiles of the Memoryless method and DF-SAUNE are al-
most identical and struggle to solve more than 60% of the problems with this shorter
budget.

However, we remark in Figure 3.1 that about half of the problems are considered as
solved with about 50 function evaluations by the three methods. It means that some
problems are solved quite quickly according to the criterion (3.3) and Algorithm 8§
encounters some difficulties for the remaining. Finally, we see that for very few
function evaluations (less than 30), it is better to use DF-SAUNE or the Memoryless
method.

O Second test set

Thereafter, we present in Table 3.2 the result for the tests found in Echebest, Schu-
verdt, and Vignau [9] which contains 20 small size problems and 6 larger problems.
Most of these problems are underdetermined hence we first try the standard strategy
for defining the sequence (E);>,.

Problem | m.n # Evaluations miny ||F(xg)]|
’ DFS MLS ADP DFS MLS ADP
17 1,2 4 4 4 4.4409e-15 | 4.4409e-15 | 4.4409e-15
18 1,2 73 23 55 1.0445e-05 | 1.6109e-05 | 2.2841e-05
19 2,2 23 31 55 7.6680e-06 | 1.7169e-05 | 1.6903e-05
20 1,3 104 86 100 1.8861e-05 | 9.4628e-06 | 9.4628e-06
21 1,3 2 2 2 0.0000e+00 | 0.0000e+00 | 0.0000e+00
22 2,4 114 175 759 1.5376e-06 | 9.5516e-06 | 9.9879e-06
23 3,4 248 385 288 5.5557e-07 | 7.3671e-07 | 9.9024e-07
24 2,4 2 2 2 0.0000e+00 | 0.0000e+00 | 0.0000e+00
25 2,5 538 104 187 2.2005e-07 | 8.6495e-07 | 4.7379e-07
26 3,5 194 157 92 6.5183e-07 | 3.1195e-07 | 2.7550e-07
27 2,5 10 11 13 0.0000e+00 | 5.0243e-15 | 5.0243e-15
28 3,5 2 2 2 0.0000e+00 | 0.0000e+00 | 0.0000e+00
29 4,7 137 168 237 1.8489¢-06 | 2.9735e-06 | 4.5840e-06
30 2,3 435 476 132 6.3515e-06 | 1.2485e-05 | 1.2815e-05
31 2,3 216 110 135 1.2693e-05 | 7.0179e-06 | 1.3071e-05
32 2,5 507 117 14778 1.9936e-05 | 5.0651e-05 | 5.6559e-05
33 3,5 1205 3823 MAXEval | 4.5273e-06 | 4.0327e-06 | 1.1162e+00
34 3,5 428 2218 MAXEval | 6.0454e-06 | 8.0510e-06 | 1.5187e+00
35 3,5 571 MAXEval MAXEval 4.0657e-06 | 3.0523e+00 | 3.9796e+00
36 3,10 502 578 (711) 2071 1.0769e-06 | 1.2926e-06 | 1.1740e-06
37 300, 300 | 295 (296) | 199 (MAXEval) 150 5.0744e-03 | 1.6436e-03 | 1.9924e-03
38 300, 300 111 91 344 3.6946e+01 | 2.7445e+01 | 3.6307e+01
39 150, 300 4 4 4 2.2204e-16 | 2.2204e-16 | 2.2204e-16
40 150, 300 244 292 96 2.7240e-01 | 2.2125e-01 | 1.5093e-01
41 149,150 | 207 (209) | 146 (MaXEval) | 167 (158) | 2.6999e-06 | 2.4541e-05 | 1.2572e-05
42 299,300 | 191 (216) 80 MAXEval 1.3997e-05 | 2.3543e-05 | 3.7580e-01

TABLE 3.2: Results obtained with the same test set as Echebest, Schu-
verdt, and Vignau [9]
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We see that these tests are a bit easier than the previous one as all the problems
are at least solved by one of the method. Although it still gives a good idea of the
behavior of the methods, we need to be more critical. Firstly, notice that the choice
of v, seems to be more important for large size problems but 7, = 1 remains the best
in most of the tests. Especially, the Memoryless method with 7, = 207 can’t solve
the problems 37 and 41 while it can solve them with 7, = 1. As said in Echebest,
Schuverdt, and Vignau [9], the methods for underdetermined system of equations
using this sequence (Ey)¢, are in general more efficient when 7 can be divided by
m because the partitioning of the variables is done equally. That is to say that the
last matrix in each period Eyx_1 doesn’t introduce a bias by reusing some of the first
variables.

Few test problems (17, 21, 24, 28 and 39) that have a linear or quadratic structure
are solved quite easily by the three methods. However, it is not always the case for
Algorithm 8. For instance, problems 39 and 40 have the same function F(x) but the
initial point in the problem 40 is chosen very far from the solution hence a significant
increase in the number of function evaluations. From a global view point, the best
methods in terms of function evaluations are DF-SAUNE in 9 problems, Memoryless
method in 8 problems and Adaptative method in 4 problems (with equality for the
other problems).

One can note that the Adaptive method works less efficiently in the underdeter-
mined case. The main reason is that at each iteration, the set of variables updated
by the step changes. Therefore, using the information from the previous step is not
always convenient as it might be very small compared to other admissible step sizes.
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We notice in Figure 3.2 that DF-SAUNE becomes the best method on this set of prob-
lems after 150 function evaluations as always closely followed by the Memoryless
method. Even if the performance of the Adaptive method gets worse with underde-
termined systems of equations, we are barely at 80% of the problems solved which
is still satisfactory:.

O Third test set

Now, we compare the result with the standard way of building (E; ), and the mod-
ulo approach, see Chapter 2. We denote methods using the standard sequence by "(0)"
and the modulo sequence by "(%)". Since both these sequences are identical when
modulo(m, n) # 0, we only consider a subset of problems from Echebest, Schuverdt,
and Vignau [9] and we again highlight the most efficient strategy for the number
of function evaluations among the two.

# Evaluations

Problem | m,n e 6 SRS @) TMIS(0)  MLS(%) | ADP(0) ADP(%)
23 3,4 248 285 385 254 288 162
25 2,5 538 104 104 174 187 155
26 3,5 194 167 157 186 92 261
27 2,5 10 256 11 100 13 121
28 3,5 2 2 2 2 2 2
29 4,7 137 1582 168 1936 237 MAXEval
30 2,3 435 213 476 187 132 156
31 2,3 216 107 110 226 135 99
32 2,5 507 434 117 486 14778 MAXEval
33 3,5 1205 476 3823 417 MAXEval 464
34 3,5 428 536 2218 287 MAXEval 1354
35 3,5 571 739 MAXEval 427 MAXEval 3136
36 3,10 502 828 578 289 2071 MAXEval
41 149, 150 207 MAXEval 146 MAXEval 167 MAXEval
42 299, 300 191 MAXEval 80 MAXEval MAXEval MAXEval

TABLE 3.3: Subset of tests with modulo(m, n) # 0 from Echebest,
Schuverdt, and Vignau [9]

We can’t really identify from the Table 3.3, a strategy which is clearly more efficient
than the other. Despite this, we observe that some problems are solved only for one
type of sequence (Ey)f2 . For instance, the problems 41 and 42 are unsolved for the
modulo strategy (with any methods) but they are mostly solved with the standard
strategy. We have the contrary for the Memoryless method applied to problem 35
and the Adaptive method applied to problems 33, 34 and 35. The main issue with the
modulo strategy is that the periodic sequence Ey, Ey, ..., Ey—1 might contain many
matrices. This is typically the case for the sequences generated for the problems
41, 42 and 29 which can have a very large value for N while the standard way has
always N = [Z],
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The corresponding data profiles are shown below in Figure 3.3, Figure 3.4, Figure
3.5 for respectively DF-SAUNE, the Memoryless method and the Adaptive method.
Concerning DF-SAUNE and the Memoryless method, we remark that the standard
strategy works better on the full test. Nevertheless, we think that the data profiles
are a bit biased by the problems 41 and 42 which are quite hard to solve with the
modulo strategy. Therefore, the modulo strategy should lead to an improvement for
the Adaptative and the Memoryless methods when the period N of the sequence is
not too important.
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FIGURE 3.3: Data profile for a subset of tests with modulo(m, n) # 0
from Echebest, Schuverdt, and Vignau [9]
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Chapter 4

Adversarial attack

This chapter presents an application of derivative-free methods for solving underdetermined
systems of equations in the context of adversarial attack against deep neural networks.

4.1 Context

Nowadays, the deep neural networks find a growing number of applications such as
self-driving cars, facial recognition, email malware detection or forecasting of natu-
ral disasters to cite only few of them. Nevertheless, it was shown that in some cases
these classifiers suffer from a lack of robustness. Namely, tiny modifications of the
input might lead to large variations of the output.

It is particularly problematic when a self-driving car is not able to interpret the per-
turbed image of a road sign or an email containing a malware is written such that it
is classified as safe. Especially, in the context of image classification slight changes
even not visible for the human being, could produce the misclassification of initially
well-classified images.

Formally, we consider an input space X, a discrete space C containing all the classes
and a function ¢ : X — C assigning to each x € X’ its true class c(x).
For example :

< Image classification
X = RM*N>3 images with M x N pixels
C = {"Panda”, " Apple”, "Llama”, "Tree”,...}
c(x) gives what really represents the image

<> Email malware detection
X = subsets of words in {”Hello”, ”Dear”, ”Sincerely”, ...}
C = {”"Dangerous”, "Safe”}
c(x) says if the email contains truly a malware

In this setup, a classifier is a function ¢ : X — C assigning to each x € X a guess
in C such that é(x) ~ c(x). We say that x € X is misclassified when é(x) # c(x).
Obviously, a "good" classifier should be such that most of the elements in X" are well-
classified. As we mainly focus on neural network classifiers, we briefly remind how
the predictor ¢(x) is obtained in this case.

A neural network is usually represented by a weighted graph which can be divided
in successive stages called layer. At the begining, we have the input layer x € R"
then the information is propagated through the hidden layers. Between each layer,
we apply some kind of algebraic manipulations from one node to another node of
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the next layer, see Figure 4.1. When we want to emphasis on the fact that there
are many hidden layers, we often speak about deep neural network. Finally, the
last layer is the output y(x) € R™ which is usually a conditional class probability
in the case of neural networks trained for classification. It means that we have for
i=1,...,m

yi(x) = P(ci|x) = "probability of observing the class ¢; given the input x”

Afterwards, the classifier is obtained by looking at the output of the neural network
and picking the class with the biggest conditional probability hence

é(x) = arg max P(c|x) 4.1)

Hidden layers

Input layer Qutput layer

FIGURE 4.1: Illustration of a deep neural network

What makes the model (4.1) so powerful is that the way information is transferred
from the input layer to the output layer can be arbitrarily complex thus it is possible
to represent a very large set of classifier functions ¢(x) which can be very close to the
true function ¢(x). Typically, we set x = z° then we repeat for each layer k

k+1 _ k k
Zi — hk(Z wl’]2]>
]

where f; : R — R is a well-chosen nonlinear function and wf ; € Ris the weight on
the arc going from node j in the layer k to node i in the next layer. In general, the
weights wf j are "learned"” by training the neural network on a dataset via gradient
method done in a particular way. We refer to Papernot et al. [18] for more details.

4.2 Adversarial setup

As explained previously, the deep neural networks are often quite sensitive to slightly
modified inputs called adversarial examples, see also Ughi, Abrol, and Tanner [20]
and Ilyas et al. [14]. We talk about adversarial attack when we refer to the process for
building an adversarial example. In order to find such inputs, we consider ourselves
as an opponent of the neural network with the following aim :
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Given a classifier ¢ : X — C and xg € X correctly classified,
we look for x € X such that

é(x) #é(xo) and ||x — xolleo < &

with the perturbation bound § > 0.

We consider perturbations that are bounded with respect to the infinite norm de-
noted by ||.||«. Typically ¢ is taken sufficiently small so that x actually belongs to
the same class as xp so we have ¢(xg) = ¢(x) = &é(xg). Therefore, if we are able to
find such x not too far from x then we know that x is misclassified by ¢ hence our
attack manage to mislead the classifier. The adversarial attacks can be separated into
two main categories.

<> Non-targeted attack : The adversary wants to modify x( in a way that it is
classified in a class different from c(x() without any preferences.

<> Targeted attack : The adversary must specify beforehand a class ¢; € C with
¢t # c(xp) then find a perturbed version of xy classified as c;.

We can notice that targeted adversarial attacks are harder than non-targeted attacks
because we add a constraint on the classification of the adversarial example. Non-
targeted examples are useful when we are only interested in excluding one of the
classes but we should pay attention when the classifier can classify the input in
classes which are barely the same. Indeed, adversarial attack on an image classi-
fier leading to ¢(x) = ”Llama” given that ¢(xo) = ”Alpaca” may not be considered
as fully successful as this two animals are already quite similar.

We will develop an algorithm able to generate targeted adversarial examples against
neural networks. As said previously, the output for such classifiers is generally a
conditional class probability y;(x) = P(c;|x). Nevertheless, the amount of informa-
tion available about y(x) is very limited in practice, we distinguish

<> White-box setting : The adversary has a full knowledge about the network
architecture and the weights so it is possible to compute y;(x), Vy;(x) for all i.

<> Black-box setting : The adversary can only ask to receive the class probability
yi(x) for all i and the neural network is considered as hidden to the attacker.

White-box adversarial examples can be built easily via gradient-based method but
having as much information about the classifier is quite uncommon. It only happens
for open source softwares or attacks on neural networks trained by the attacker him-
self. In the real world, the commercial neural networks are black-boxes and even
if we know on which data set the classifier was trained, it is usually impossible to
know exactly how it was done.

Furthermore, we may be restricted on the maximal number of calls to y(x). Because
many classifiers either limit the number of queries with a threshold or still accept
queries but with an additional cost for each new prediction. Consequently, the need
for efficient algorithms in terms of function evaluations is not only motivated by the
algorithm’s running time but also by money.
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4.3 Mathematical modeling

Analogously to the previous chapters, we consider iterative methods starting with
the well-classified input xp and hope that at some point, an iterate x; generated by
the method will be an adversarial example. A way to create a targeted adversarial
example is to solve the following constrained optimization problem.

min L(x) suchthat [|x —xp||e <& 4.2)
xeX

where L : X — IR measures how "well" x is assigned to the targeted class c;,

for instance :

L(x) = = Iny(x) + Ty

— VL) = ) + L s Vo)

In the white-box setting, the problem (4.2) can be solved with a projected gradient
method namely repeat for k = 0,1,2,... until x4 is misclasified

Xk+1 = P(;(xk — zkaL(xk))

where Ps denotes the orthogonal projection on the set {x € X | ||x — x| < I}
However, if we are not allowed to compute VL(x) then the optimization problem
(4.2) becomes harder.

A possible remedy is to create a substitute neural network trained with a data set
obtained by querying the initial network. Afterwards, we can apply techniques for
generating white-box adversarial examples on this new network instead of black-
box attacks on the targeted network. Both neural networks might have different
architectures but we expect that they will behave in a similar way namely the adver-
sarial examples of the substitute classifier are likely to be adversarial example of the
original classifier too, details on this approach can be found in Papernot et al. [18].

A drawback of the substitute neural network is that many predictions may be re-
quired for building it, especially if we are only interested in making few adversarial
examples. Furthermore, it is not possible to guarantee that the perturbed inputs
found with the white-box attack on the substitute network are truly adversarial ex-
amples.

Thereafter, we consider the next mathematical formulation for black-box adversarial
attacks which can be solved via the methods seen in Chapter 2.

Given the output layer y : X — IR of a neural network and xp € &,
we look for x € X such that

Y(¥) = Yrarger and  [[x = xo[e <0

with the targeted score yiarget € R™ and the perturbation bound 6 > 0.
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Notice that F(x) = y(X) — Ytarget = 0 is an underdetermined system of nonlinear
equations which must be solved with a derivative-free method. If yiarget is chosen
properly then an input satisfying the previous constraint is an adversarial example
but this problem might seem harder as we enforce a constraint on the whole set of
conditional probabilities instead of the final classification. Nevertheless, we don’t
really need to run the method until y(x) = Ytarget but we can stop iterating when we
found an adversarial example.

4.4 Practical implementation

We consider that the classes are numbered hence C = {1,2,...,m}. We would like
to make an adversarial example x classified in the targeted class t € C. Nevertheless,
the classifier has often quite accurate ideas about the category corresponding to the
initial input xo. Therefore, we need to act in such way that the perturbed input
promotes the class t but also avoids (or favors) other classes in some set A € C.

Remark that all the classes able to challenge the targeted classification of x must
belong to A. Although, classes might only take importance during the iterative pro-
cess, making the choice of A beforehand sometimes quite challenging.

Given a target t € C,aset A C C and ¢ € (0,1], we define yarget € R™ as follow

¢Y if i=t
<ytarget>z’ = % Y if ie A with Y = Z ]/j(xo)
yi(xo) otherwise je{tyuA

Notice that ytarget represents a probability distribution because

gl

(ytarget)i =1 and (ytarget)i >0 fori=1,2,...,m
i=0

which is required for feasibility. Intuitively, we look at the aggregated probability Y
that xo belong to a class in {t} U A and after we redistribute it between t and .A. The
parameter ¢ controls the weight given to the targeted class meaning that ¢ close to 1
gives almost zero probabilities to avoided classes while ¢ = 1 tends to be more fair
between t and A. Sometimes, we would like to allow other classes than the target to
have a potentially non negligible probability in order to weaken the initial class of
xo and obtain more easily a misclassification.

To summarize what was said before, we want to find x € R” such that

F(x) = y(x) — Ytarget = 0 (4.3)
[[x — xo[|o <& (4.4)

We have already methods that can solve equation (4.3). However, we need to do
small adjustments to Algorithm 8 so that it can also handle the constraint (4.4). Typi-
cally, this can be done by using a modified line search condition given by

f(xr1) < flx) + v+ 0 — pre(a ) f () and  |xpiq — Xol[ewo <0
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Moreover, we use the random definition of the matrices (Ej);> , because the com-
ponents in F(x) with the highest magnitude are usually always the same hence we
don’t want to have a periodic sequence. Indeed, a periodic sequence in the case of
image classification would mean that only few pixels change the most. For repro-
ducibility, we fixed the seed in MATLAB as follow

rng(0, *twister’)

4.5 Black-box attack on googlenet

We experiment our techniques to generate adversarial examples on the image clas-
sifier googlenet available at https://nl.mathworks.com/help/deeplearning/u
g/classify-image-using-googlenet.html. Googlenet is a deep neural network
trained on the ImageNet database and made of 22 layers. The network takes as input
an image with size 224 x 224 under RGB representation meaning that each pixel is
represented by three components of color red, green and blue.

For an image x, googlenet returns the vector of conditional probabilities y(x) for
1000 possible categories such as “espressomaker”, ”ski”, “minivan” and also many
kind of animals. In the next experiments, we use a perturbation bound § = 0.5 and
the parameters of Algorithm § are the same as in the Chapter 3, except the precision
which is lowered to € = 1072.

In addition, we change the stopping criterion and consider that we found a good
adversarial example when the probability of the target t € C satisfies

y(x) 2 - max yi(x) (4.5)
If we pick u = 1 then criterion (4.5) is equivalent to stopping the method when we
found an adversarial example. However, the probability y;(x) might be very close
to certain other class probabilities. Thus, we add the parameter u > 0 to say that
the targeted class must be at least y times more likely than any other classes. All the
next experiments are done with the value y = 1.1.

It is worth to mention that we keep in memory the image with the larger value of
y¢(x) during the iteration process. It means that the targeted class probability is al-
ways increasing.

We choose to focus mainly on the Memoryless method as it seems to be the fastest
when it converges and the comparison of the methods with the same value of ¢ is
not always adequate. Additional results for DF-SAUNE can be found in Appendix B.
We don’t provide an analysis of the Adaptive method because it struggles a bit with
underdetermined systems of equations, see Chapter 3.

O First adversarial example

We start with the image of a lesser panda given by Figure 4.2. This image is correctly
classified with probability 0.973 which is actually quite high. Despite this, the clas-
sifier attributes a significant probability to the red fox as they are similar animals,
the remaining classes are considered as very unlikely. Based on this information, we
will manage to find an adversarial example classified as t = "Red fox” and the set of
avoided classes in this case will simply be A = {”Lesser panda”}.


https://nl.mathworks.com/help/deeplearning/ug/classify-image-using-googlenet.html
https://nl.mathworks.com/help/deeplearning/ug/classify-image-using-googlenet.html
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Initial image zg Output score y(zo)

I Lcsser panda (97.3%)
[ Red fox (1.8%)
I Other (<1%)

FIGURE 4.2: Initial image representing a lesser panda !

For this example, we fix ¢ = 0.65. Other choices are possible but large values might
lead to an infeasible problem. Indeed, if the targeted probability of the class ¢ is too
high then it can be impossible to reach it because of the perturbation bound. The
value of ¢ is found by testing different guesses and then picking the best, see Figure
B.1 and Figure B.2 in Appendix B.

We observe in Figure 4.3 that the sum of both probabilities is always close to 1 mean-
ing that we don’t have issues with classes outside of A U {t}. Therefore, we focus
on the required number of function evaluations to observe the intersection between
the curves ”Lesser panda” and “"Red fox” which will correspond to an adversarial
example. We notice that the Memoryless method needs needs approximately 6500
function evaluations to get an adversarial example.

Memoryless method with & = 0.65

o
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Lesser panda
Red fox

Class probability
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Number of function evaluations

FIGURE 4.3: Adversarial attack via Memoryless method for Figure 4.2

Tmage available here : https://www.animalwised.com/why-is-the-red-panda-endangered-4
097 .html


https://www.animalwised.com/why-is-the-red-panda-endangered-4097.html
https://www.animalwised.com/why-is-the-red-panda-endangered-4097.html
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The adversarial example found by the Memoryless method with the stopping crite-
rion (4.5) is shown in Figure 4.4. The method used 6560 function evaluations to find
this adversarial example which looks a bit like Figure 4.2. However, if we have a
closer look then we can see few pixels with a modified color, see Figure 4.5. Notice
that this adversarial example doesn’t really solve y(X) = Ytarget according to Figure
4.4 because as we increase the probability of "Red fox”, other species of fox appear
while they should have a nearly zero probability in ytarget. Therefore, we might think
about adding other classes to .A in order to make the problem "more feasible".

Adversarial example z Output score y(z)

[ Red fox (45.0%)
I L csser panda (40.5%)
[ Grey fox (7.6%)
[IKit fox (3.0%)
I Arctic fox (2.4%)
I Other (1.6%)

FIGURE 4.4: Adversarial example ”“Lesser panda” found with the
Memoryless method, ¢ = 0.65 and A = {”Lesser panda”}

5

FIGURE 4.5: Closer look on the adversarial example " Lesser panda”
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O Second adversarial example

Figure 4.6 is a picture showing a llama which is clearly well-identified by the classi-
fier then follow in order of probability the animals “Ram”, ”Bighorn” (two kind of
sheeps), "Kuvasz” (a species of dog) and "White wol f”. We will aim to classify this
llama as a white wolf. It is a bit harder than the previous case because there is more
than one class which is more likely than the target. In addition, the initial probability
is lower 0.004 instead of 0.018 before with the red fox.

Initial image z Output score y(zo)

I Llama (89.9%)
[ JRam (6.7%)
[ Bighorn (1.5%)
[ Kuvasz (0.4%)
I White wolf (0.4%)
I Other (<1%)

FIGURE 4.6: Initial image representing a llama 2

We consider the same greedy approach as the previous attack meaning that we
choose t = "White wolf” and A = {”Llama”}. However, the first result with
¢ = 0.65 presented in Figure 4.7, is a little bit disappointing since the method gets
quickly stuck and can’t do better than a probability of 0.52 for the llama and 0.1 for
the white wolf. It means that the probability ytarget is too difficult to reach. Further-
more, it seems quite hard to find good values of { which would allow us to build an
adversarial example, see Figure B.3 and Figure B.4 in Appendix B.

2Image available here : https://fr.depositphotos.com/stock-photos/1lama.html


https://fr.depositphotos.com/stock-photos/llama.html
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Memoryless method with £ = 0.65 and A = {” Llama”}
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FIGURE 4.7: Adversarial attack via Memoryless method for Figure 4.6

Therefore, we need to make a guess based on the output score of the initial image by
taking some inspiration from the last example with the foxes. We assume that if the
perturbed image looks like a white wolf then it should also looks like a kuvasz as it
is a kind of white dog. Consequently, allowing an increase of the kuvasz probability
should make the problem feasible hence we define A = {”Llama” ,”Kuvasz"}.

Memoryless method with & = 0.625 and A = {” Llama”, ” Kuvasz”}

Llama
s White wolf
Kuvasz
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FIGURE 4.8: Adversarial attack via Memoryless method for Figure 4.6

With this approach, it is not too difficult to find a targeted distribution which works,
for instance the case { = 0.625 is shown in Figure 4.8. We observe that both the
probabilities of “Kuwvasz” and "White wol f” increase at the beginning. Afterwards,
the "White wol f” becomes more likely than ”Llama” and the probability of “"Kuvasz”
at the end is nearly equal to the one of ”Llama” which makes sense has all the classes
in A have the same targeted probability. The resulting adversarial example found
with 6435 function evaluations is given in Figure 4.9.
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Adversarial example x Output score y(z)

I White wolf (30.4%)
I Llama (26.3%)
[ JRam (16.0%)
[ Kuvasz (16.0%)
[ Bighorn (1.9%)
I Other (9.4%)

FIGURE 4.9: Adversarial example ”Llama” found with the Memory-
less method, ¢ = 0.625 and A = {”Llama” ,”Kuvasz”}

In conclusion, an advantage of this technique compared to derivative-free optimiza-
tion methods, is that each class probability can be specified, instead of only min-
imizing one class probability. We think that the most challenging part about this
technique is to find a relatively good target distribution ytarget. Nevertheless, when
this is done, the Memoryless method is able to find an adversarial example with
approximately 6000-7000 queries to the neural network.
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Chapter 5

Conclusion

To sum up, the main aim of this work was to analyze new derivative-free methods
for solving underdetermined systems of nonlinear equations. The analysis focused
both on theoretical results and numerical experiments. On the top of that, we also
described a new technique based on these derivative-free methods allowing to build
targeted adversarial examples in the black-box setting.

Firstly, we presented a new class of methods generalizing the work from Grapiglia
and Chorobura [11]. This set of new methods uses a modified spectral search direc-
tion like Echebest, Schuverdt, and Vignau [9] to handle underdetermined systems of
equations. Concerning the search direction dy = —0xE] F(x;), alarger set of matrices
Ey was considered in our analysis as the only property required in the proofs was
ExEl = I. We showed that there were many degrees of freedom in this new class
of methods. Indeed, the sequences (i)t o, (6k)7> (Vi) (Ex)i and (), can
be defined arbitrarily. It was only required that omin < 0| < Omax, vk > 0, 6x > 0
and ) 32,0 < oco. Afterwards, we focused on two new methods, the Memoryless
method and Adaptive method, differing only by the choice for (ay);> . From the
theoretical view point, we managed to compute the maximal number of function
evaluations required to generate an iterate x; such that ¢ (x;) < e withe € (0,1).
We founded complexity bounds in O (e ?log(e™!)) and O (e¢™*) function evalua-
tions respectively for the Memoryless method and the Adaptive method.

Secondly, three methods belonging to the new class mentioned above, specifically
DF-SAUNE, the Memoryless method and the Adaptive method were tested. In addi-
tion, we compared them via data profiles, a tool from Moré and Wild [17]. Despite its
worst theoretical complexity bound, we observed that the Adaptive method was the
most competitive method for solving determined systems of equations. However,
the Adapative method was usually less efficient than DF-SAUNE and the Memory-
less method while tested on underdetermined systems of equations. It may be due
to the fact that the change of matrix Ey at each step deteriorates the information pro-
vided by the last step. Finally, we did few experiments with a new sequence (Eg); ,
and showed that the relation between m and n can have a huge effect on the behavior
of the methods.

Thirdly, we modeled the creation of adversarial attacks as an underdetermined sys-
tem of equations y(x) = Ytarget With [[x — xp|[cc < 4. In order to solve this prob-
lem, the new class of methods was modified by adding the bounded perturbation
constraint to the line search condition. Moreover, we use the random strategy for
(Ex)p_ to avoid prioritizing only few pixels. It appeared that the more challeng-
ing part was to find a "good" targeted class probability yiarget- We also remarked
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that if we manage to find such probability then our technique could build relatively
quickly an adversarial example.

Finally, the next suggested improvements about this class of methods should be
done on the way the sequences (vi)> o, (Ex)i, and (ax);>, are defined. Indeed,
in the proofs about the complexity bounds, we required ) ;> , vk < oo but this some-
how restricts a lot the nonmonotonicity. Thus, it might be interesting to see if alter-
native proofs avoiding such constraint, can demonstrate similar complexity bounds
for particular choices of vx. Moreover, selecting Ey either heuristically or based on
the values m and n may lead to improved methods. Finally, in the case of sequence
(Ex)p with period N, one could think about modifying the Adaptive method so
that the guess ay is based on the information from the step k — N instead of k — 1
or even several steps. An other direction of research for the black-box adversarial
attacks could be to automate the process of defining Ytarget such as a more efficient
trial and error process or accurate guesses based on the initial image.



Appendix A

Test references

Problem | m n Source
1 2 2 Problem 1 in Moré, Garbow, and Hillstrom [16]
2 2 2 Problem 2 in Moré, Garbow, and Hillstrom [16]
3 2 2 Problem 3 in Moré, Garbow, and Hillstrom [16]
4 3 3 Problem 7 in Moré, Garbow, and Hillstrom [16]
5 4 4 Problem 13 in Moré, Garbow, and Hillstrom [16]
6 10 | 10 Problem 21 in Moré, Garbow, and Hillstrom [16]
7 12 | 12 Problem 22 in Moré, Garbow, and Hillstrom [16]
8 10 | 10 Problem 26 in Moré, Garbow, and Hillstrom [16]
9 40 | 40 Problem 27 in Moré, Garbow, and Hillstrom [16]
10 10 | 10 Problem 28 in Moré, Garbow, and Hillstrom [16]
11 10 | 10 Problem 29 in Moré, Garbow, and Hillstrom [16]
12 10 | 10 Problem 30 in Moré, Garbow, and Hillstrom [16]
13 10 | 10 Problem 31 in Moré, Garbow, and Hillstrom [16]
14 10 | 10 Problem 32 in Moré, Garbow, and Hillstrom [16]
15 10 | 10 Problem 33 in Moré, Garbow, and Hillstrom [16]
16 10 | 10 Problem 34 in Moré, Garbow, and Hillstrom [16]
17 1 2 Problem 6 in Hock and Schittkowski [13]
18 1 2 Problem 7 in Hock and Schittkowski [13]
19 2 2 Problem 8 in Hock and Schittkowski [13]
20 1 3 Problem 26 in Hock and Schittkowski [13]
21 1 3 Problem 27 in Hock and Schittkowski [13]
22 2 4 Problem 39 in Hock and Schittkowski [13]
23 3 4 Problem 40 in Hock and Schittkowski [13]
24 2 4 Problem 42 in Hock and Schittkowski [13]
25 2 5 Problem 46 in Hock and Schittkowski [13]
26 3 5 Problem 47 in Hock and Schittkowski [13]
27 2 5 Problem 48 in Hock and Schittkowski [13]
28 3 5 Problem 53 in Hock and Schittkowski [13]
29 4 5 Problem 56 in Hock and Schittkowski [13]
30 2 7 Problem 61 in Hock and Schittkowski [13]
30 2 3 Problem 61 in Hock and Schittkowski [13]
31 2 3 Problem 63 in Hock and Schittkowski [13]
32 2 5 Problem 77 in Hock and Schittkowski [13]
33 3 5 Problem 78 in Hock and Schittkowski [13]
34 3 5 Problem 79 in Hock and Schittkowski [13]
35 3 5 Problem 81 in Hock and Schittkowski [13]
36 3 10 Problem 111 in Hock and Schittkowski [13]
37 300 | 300 | Problem 2 a) in Dan, Yamashita, and Fukushima [7]
38 300 | 300 | Problem 2 b) in Dan, Yamashita, and Fukushima [7]
39 150 | 300 | Problem 4 a) in Dan, Yamashita, and Fukushima [7]
40 150 | 300 | Problem 4 b) in Dan, Yamashita, and Fukushima [7]
41 149 | 150 Problem 42 in Zaslavski and Powell [22]
42 299 | 300 Problem 42 in Zaslavski and Powell [22]
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Appendix B

Additional results about
adversarial attacks

<> First adversarial example : “Lesser panda”

1 DF-SAUNE
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"
0.9 o LTSRS
o rn....‘..~
0.8
0.7+
iy = ==== Lesser panda (£ = 0.65)
i 0.6 Red fox (€ = 0.65)
,§ o5k |===== Lesser panda (§ = 0.7)
2 Red fox (£ =0.7)
% 04k | === Lesser panda (£ = 0.75)
o Red fox (£ = 0.75)
03F
0.2
0.1
—
0 T 1 1 1 1 1 1 1 1 |
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Number of function evaluations
FIGURE B.1: Adversarial attack via DF-SAUNE for Figure 4.2
Memoryless method
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= — N T
Z ===== Lesser panda (§ = 0.65) =
7 061 Red fox (£ = 0.65) Y
%s o5k |===== Lesser panda (£ = 0.7) RN
B Red fox (£ =0.7)
2 o4l | ="~ Lesser panda (£ = 0.75)
S Red fox (£ = 0.75) e e
- A
03 Bt Fre—afm=—-
- h“:‘"-'_‘__"""h-
0.2
0.1
0 I I I I I I I |
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Number of function evaluations

FIGURE B.2: Adversarial attack via Memoryless method for Figure 4.2
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Class probability

Class probability

<> Second adversarial example : “Llama”

Memoryless method with A = {” Llama”}

1_
0.9""4;,.
&/
"“.:::;
0.8 G,
07 .
sensnsnnns [lama (5 = ()6) '.-.,.’.
06 White wolf (€ = 0.6) RRRTE L
o5k sennnnnnnn lama (5:()65) M s n e s EE R EEE R EEEEE R EEEEE R R EEEERREERRRERRREE
: White wolf (€ = 0.65)
N I EE Llama (¢ = 0.7)
" | ———— White wolf (£ = 0.7)
0.3
0.2
1 4=____—J’-———’i
0 1000 2000 3000 4000 5000 6000 7000 8000 10000
Number of function evaluations
FIGURE B.3: First attempt via Memoryless method for Figure 4.6
1 Memoryless method with A = {” Llama”}
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06 White wolf (£ = 0.625)
05k wensnsnnns Llama ({:0,65) e
: White wolf (§ = 0.65)
gl [ Llama (¢ = 0.675)
" | ———— White wolf (£ = 0.675)
0.3
0.2~
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f
e
C 1 1 1 1 1 1
0 1000 2000 3000 4000 5000 6000 7000 8000 10000

Number of function evaluations

FIGURE B.4: Second attempt via Memoryless method for Figure 4.6
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Class probability

Class probability

Class probability

DF-SAUNE with A = {" Llama"}

l —
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FIGURE B.5: Adversarial attack via DF-SAUNE for Figure 4.6
. DF-SAUNE with A = {"Llama”, ” Kuvasz”}
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FIGURE B.6: Adversarial attack via DF-SAUNE for Figure 4.6
1 Memoryless method with A = {” Llama”, ” Kuvasz”}
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FIGURE B.7: Adversarial attack via Memoryless method for Figure 4.6
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