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Abstract— This paper is devoted to Nash equilibria of
normal-form games. We give a survey on computing Nash
equilibria via optimization methods. Further on we prove, that
the Nash equilibria of a game coincide with the zeros of a
nonlinear, almost everywhere smooth system of equations with
the same dimension as the strategy space. Thus, we can apply
tools for solving nonlinear systems of equations. We present
an algorithm for computing Nash equilibria, which has shown
very satisfactory results.

I. INTRODUCTION

In 1951 John Nash [20] introduced a concept of equilib-
rium that was destined to become a central idea in game
theory and bear his name. Briefly, a Nash equilibrium of a
game is a state, where no player has an incentive to change its
strategy. Other concepts of solving games are less intuitive.
Either they do not ensure the existence of the solutions in
every game or do not have an economic interpretation.

For a long time no algorithm had been known to compute
Nash equilibria. The Lemke-Howson algorithm [13] dating
back to 1964 can be seen as the outset of research in this
area. The algorithm was developed for 2-player games, but
later extended for n-player games. It belongs to the class of
path following algorithms.

For decades the trend has remained to compute Nash
equilibria via path following methods. All path following
methods are based on the homotopy idea — transfer a
solution of an easier problem via a continuous path to a
solution of the problem of interest. For example, in the works
by Rosenmuller [23] and Wilson [27] the existence of a
nonlinear path leading to a Nash equilibrium is proven.

Path following algorithms are often mathematically so-
phisticated. The drawbacks of path following algorithms are
that they refer to tools deep in the theory of homotopy or
dynamical systems and are therefore hard to implement. For
example, the methods from Rosenmuller [23] or Wilson [27]
have not been implemented yet. The algorithm by Govindan
and Wilson [8] has shown great results in an implementation,
however using very heavy tools from homotopy and dynam-
ical systems. Another disadvantage is, that the algorithms
may not find Nash equilibria in all games. For an interested
reader, further information on path following algorithms can
be found in the surveys [10] or [17].

In addition to the path following algorithms, Nash equi-
libria may be computed as fixed points, based on Scarf [24],
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as solutions of complementary problems [25], [15], via poly-
nomial algebra [5] or as solutions of optimization problems.
Apart from analytic algorithms, algebraic methods have been
recently investigated. For instance, in the survey by Datta [5]
computational methods for finding Nash equilibria based on
computer algebra are presented. The algebraic approaches
use a result from Datta [4] — any semi-algebraic set can
be encoded as the set of Nash equilibria of a suitable game.
This algebraic property shows, that computer algebra is also
a reasonable approach to calculate Nash equilibria, but also
illustrates the complexity of the problem.

The above approaches constitute the whole palette of
methods each having their own advantages and drawbacks.
Since the computation of Nash equilibria is PPAD-complete
[22], it is unlikely that Nash equilibria may be computed
in polynomial time. Therefore, methods are often developed
for certain games, or the algorithms look for refinements of
Nash equilibria. In this case, the existence of a solution is
not guaranteed. Moreover, the research was rather focused on
2-player games than on games with larger number of players.

Existing algorithms often build up an optimization prob-
lem, where the global minima coincide with the Nash
equilibria of the game. Other methods provide nonlinear
systems of equations, which vanish in the Nash equilibria.
The first method of this kind was presented by McKelvey
[17] in 1992. Since then, only a few more approaches have
been developed. The main problems of the methods are, that
the optimization problems are not convex or smooth, and
therefore the algorithms are not bound to terminate at a Nash
equilibrium. Another crucial point is, that the methods do
increase the dimension of the problem. On the other hand
optimization problems and nonlinear systems of equations
are very well studied and there are a number of efficient
optimization algorithms. So reducing the Nash equilibria to
optimization problems is more than justified. To the best of
our knowledge there is no survey on optimization methods
for Nash equilibria.

In this work we will give a survey on optimization methods
for computing Nash equilibria and present a new approach,
avoiding problems arising in other optimization formulations.
As far as we know, none of the earlier algorithms uses a
nonlinear, almost everywhere smooth system of equations,
whose zeros form the set of Nash equilibria, without increas-
ing the dimension of the problem.

The paper is organized as follows. In section II we
introduce n-player games and Nash equilibrium problem.
The next section III states the theorems that serve as a base
for the existing optimization approaches we introduce in
section IV. Section V gives the details of implementation
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of the approaches from section IV. At last, in the sections
VI, VII, VIII and II our approach is proposed, including a
short introduction to complementary functions, the obtained
system of nonlinear equations, the algorithm itself and the
computational results.

II. PRELIMINARIES FROM GAME THEORY

We would like first to recall some fundamental concepts
of game theory1 [21], [19].

Definition 1: A pair of matrices (M1,M2) constitute a
bimatrix (2-player normal-form) game G, where M1 and
M2 are of the same size. The rows of Mk correspond to
actions of player 1, a1 ∈ A1. The columns of Mk correspond
to actions of player 2, a2 ∈ A2. A1 =

{
a11, a

1
2, . . . , a

1
m1

}
and A2 =

{
a21, a

2
2, . . . , a

2
m2

}
are the finite sets of discrete

actions of players 1 and 2 respectively. The payoff rk(a1, a2)
to player k can be found in the corresponding entry of the
matrix Mk, k = 1, 2.

Definition 2: A pure ε-equilibrium of bimatrix game G is
a pair of actions (a1∗, a

2
∗) such that

r1(a1∗, a
2
∗) ≥ r1(a1, a2∗)− ε for all a1 ∈ A1

r2(a1∗, a
2
∗) ≥ r2(a1∗, a

2)− ε for all a2 ∈ A2

Definition 3: A mixed ε-equilibrium of bimatrix game G
is a pair of vectors (ρ1∗, ρ

2
∗) of probability distributions over

action spaces A1 and A2, such that

ρ1∗M
1ρ2∗ ≥ ρ1M1ρ2∗ − ε for all ρ1 ∈ σ(A1)

ρ1∗M
2ρ2∗ ≥ ρ1∗M2ρ2 − ε for all ρ2 ∈ σ(A2)

where σ(Ak) is the set of probability distributions over action
space Ak, such that for any ρk ∈ σ(Ak),

∑
a∈Ak ρka = 1.

ρ1Mkρ2 =
∑

a1∈A1

∑
a2∈A2

ρ1a1rk(a1, a2)ρ2a2 =

=
∑

a1∈A1

∑
a2∈A2

rk(a1, a2)

2∏
i=1

ρiai

is the expected reward of agent k induced by (ρ1, ρ2).
Let us denote the expected reward of agent k induced by

(ρ1, ρ2) by rk(ρ1, ρ2):

rk(ρ1, ρ2) =
∑

a1∈A1

∑
a2∈A2

rk(a1, a2)

2∏
i=1

ρiai

Definition 4: Nash equilibrium of bimatrix game G is ε-
equilibrium with ε = 0.

Theorem 1: [20] There exists a mixed Nash equilibrium
for any bimatrix game.

Example 1: In table I a bimatrix game is presented in a
short form (the first payoffs of each entry correspond to
payoff matrix M1 of player 1 and the second ones — to
M2).

This game possesses two Nash equilibria in pure strategies(
a11, a

2
1

)
and

(
a12, a

2
2

)
and one Nash equilibrium in mixed

1Further on, we will use concepts player and agent, terms strategy and
policy and reward and payoff interchangeably.

strategies
((

5
6 ,

1
6

)
,
(
1
6 ,

5
6

))
. Apparently, no agent will gain

from unilateral deviation.
Definition 5: An n-player matrix (n-player normal-form)

game is a tuple 〈K,A1, . . . , An, r1, . . . , rn〉, where K =
{1, 2, . . . , n} is the player set, Ak =

{
ak1 , a

k
2 , . . . , a

k
mk

}
is

the finite discrete action space of player k for k ∈ K (|Ak| =
mk) and rk : A1×A2× . . .×An → R is the reward function
for player k.

Definitions 2, 3, 4 and theorem 1 can be generalized for
arbitrary number of players.

Policy of agent k = 1, 2 is a vector xk =(
xk
ak
1
, xk

ak
2
, . . . , xk

ak

mk

)
, xkh ∈ R being the probability as-

signed by agent k to its action h ∈ Ak. Since all probabilities
are nonnegative and their sum is equal to one, the vector
xk ∈ Rmk

belongs to the unit simplex ∆k:

∆k =

xk ∈ Rmk

+ :
∑

ak∈Ak

xkak = 1


Each player k (k = 1, 2) strives to maximize its expected

discounted cumulative reward:

rk(x1, x2) =
∑

a1∈A1

∑
a2∈A2

rk(a1, a2)

2∏
i=1

xiai

where x1 and x2 are the policies of players 1 and 2
respectively.

Definition 6: A profile is a vector x = (x1, x2, . . . , xn),
where each component xk ∈ ∆k is a policy for player k ∈
K. The space of all profiles Φ = ×k∈K∆k.

Let rkh be a partial derivative of rk with respect to xkh,
k ∈ K and h ∈ Ak:

rkh(x) =
∂rk(x)

∂xkh

Let us note that

rkh(x) = rk(x1, . . . , xk−1, ekh, x
k+1, . . . , xn)

where ekh is a pure strategy of agent k ∈ K, h ∈ Ak:

ekh =
(
ekhak

1
, ekhak

2
, . . . , ekhak

mk

)
ekha =

{
0 a 6= h
1 a = h

III. NECESSARY AND EQUIVALENT CONDITIONS

To compute Nash equilibria via optimization methods,
one needs necessary or sufficient conditions for a Nash
equilibrium. We can get the following necessary conditions
for Nash equilibrium:

Theorem 2: [1] If x is a Nash equilibrium, then x is a
zero of the system of nonlinear equations[

rkh(x)− rk(x)
]
xkh = 0 (III.1)

The system is smooth and consists of multi-linear func-
tions. Even though solving this system is no easy task, it
is less complex than the systems we will present in the
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TABLE I
A BIMATRIX GAME

a21 a22

a11 5,1 0,0

a12 0,0 1,5

next sections. This system alone is not practicable, since not
all solutions are Nash equilibria. But it can be of benefit
when we have good starting points. This is in general an
important approach for speeding up algorithms — use a
reliable algorithm to get an approximate solution, and then
use a fast local algorithm.

Since theorem 2 only provides a necessary condition,
most of the existing optimization methods are based on the
following theorem:

Theorem 3: [16] x is a Nash equilibrium if and only if x
satisfies the following conditions:

1) x ∈ Φ
2) rkh(x) ≤ rk(x) ∀k ∈ K and h ∈ Ak

The theorem is very intuitive. Since x is a Nash equilibrium
iff no agent has an incentive to change its strategy, there is no
strategy whose payoff is higher than of the strategy played.

IV. EXISTING OPTIMIZATION APPROACHES

All existing optimization approaches are based on the
theorems referred above. Especially theorem 3 can be seen as
a starting point for optimization methods. In this section we
will introduce essential concepts and methods for computing
Nash equilibria in normal-form games by optimization. Fur-
ther, we take a look at the drawbacks of the distinct methods,
to obtain a more reliable and fast algorithm which addresses
these problems.

In the work of McKelvey [16] theorem 3 is almost directly
transfered into an optimization problem. This work from
1992 is the earliest, that transfers the Nash equilibrium
problem to a standard minimization problem. Additionally
to theorem 3 it only uses the equivalence:

a ∈ R : min a2 = 0 ⇐⇒ a = 0

So one gets the objective function:

w(x) ≡
∑

k∈K,h∈Ak

(
max

[
rkh(x)− rk(x), 0

])2
+

+
∑

k∈K,h∈Ak

(
min

[
xkh, 0

])2
+
∑
k∈K

1−
∑
h∈Ak

xkh

2

Theorem 4: [16] x is a Nash equilibrium if and only if x
is a global minimum of the optimization problem:

minw(x)

The disadvantages of the approach are, that only global min-
ima are Nash equilibria, that the functions are not smooth,
especially they are not even continuously differentiable.

Another related work by Chatterjee [2] extends the opti-
mization problem by n new variables, but assures that the
function stays smooth.

Theorem 5: [2] x is a Nash equilibrium if and only if x
is a global minimum of the optimization problem:

min

[∑
k∈K

βk(x)− rk(x)

]
s.t.

rkh(x) ≤ βk ∀k ∈ K, h ∈ Ak∑
h∈Ak

xkh = 1 ∀k ∈ K

xkh ≥ 0 ∀k ∈ K, h ∈ Ak

The problem has the optimal value 0. Further the value of
βk at the optimal point is the expected reward for player k.

Again, only the global minima are Nash equilibria. On
the other hand we have everywhere smooth and multi-linear
functions. But this formulation increases the dimension of
the problem by n variables.

A straightforward approach to transforming the problem
from theorem 3 is mentioned in the work of Lipton and
Markakis [14]. The inequalities of theorem 3 are transformed
by slack variables to equalities:

Bkh ≡ xkh − β2
kh = 0

Γk ≡
∑
h∈Ak

xkh − 1 = 0 ∀k ∈ K

Λkh ≡ rk(x)− rkh(x)− δ2kh = 0 ∀k ∈ K, h ∈ Ak

Now one has the objective function:

v(x) ≡
∑

k∈K,h∈Ak

B2
kh +

∑
k∈K

Γ2
k +

∑
k∈K,h∈Ak

Λ2
kh

The solutions of the system constitute the Nash equilibria,
but the system has a higher dimension, due to the slack
variables.

The mentioned methods give basic ideas how to handle
the problem. All three attempts have in common, that the
global solutions build the set of Nash equilibria. This is a
requirement, that an optimization algorithm for computing
Nash equilibria should satisfy. Another important issue is of
course the dimension of the problem. As seen in the existing
approaches, methods often have to increase the dimension.
The speed of convergence is the third main characteristic,
that depends on the smoothness and convexity of the system.
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V. OPTIMIZATION METHODS FOR CONSTRAINED
PROBLEMS

Penalty methods solve the optimization problem

min f(x) s.t.

c(x) ≤ 0

h(x) = 0

by approximating it with a sequence of unrestricted opti-
mization problems [6]:

min [f(x) + pS(x)]

When the conditions are violated, the penalty function
f(x) + pS(x) punishes by high function values of S(x).
The weight of S(x) increases iteratively through the penalty
parameter p. One choice of S(x) could be

S(x) =
1

2
(‖(c(x))+‖+ ‖h(x)‖2)

We know that the functions f(x), c(x), h(x) are always of
the same type. They only depend on the chosen formulation
of the Nash equilibrium problem. Thus, we can compute
upper bounds for the penalty parameter p. So we only have to
solve a single optimization problem, rather than a sequence.
Formulas for these upper bounds can be found quickly, since

min
a1∈A1,...,an∈An

{rk(a1, . . . , an)} ≤

≤ rk(x), rkh(x) ≤

≤ max
a1∈A1,...,an∈An

{rk(a1, . . . , an)}

and
0 ≤ xkh ≤ 1∑
h∈Ak

xkh = 1

Sequential quadratic programming [7] (SQP) solves the
optimization problem

min f(x) s.t.

c(x) ≤ 0

iteratively through quadratic approximations. Starting in x
one tries to find a point x + s with f(x + s) = 0.
f(x+s) is therefore approximated by the second order Taylor
polynomial.

The algorithm of Chatterjee [2] uses SQP to solve the
problem from theorem 5. Here we want to discuss further
advantages of SQP.

For linear constraints the Hessian matrix vanishes, espe-
cially if one takes 0 ≤ xkh,

∑
h∈Ak

xkh = 1. So if we start

in a point x ∈ Φ, we never become unfeasible, since the
linear functions are exactly approximated. This fact is of
high interest, since the values in optimization formulations
like the penalty function, tend to become unfeasible.

VI. COMPLEMENTARY FUNCTIONS

The equation III.1 shows the complementarity of the Nash
equilibrium problem. We want to use this property. For that,
we will give a short introduction to complementary functions.

Definition 7: [9] A function φ : R2 7→ R is called
complementary, if for all x, y ∈ R:

φ(x, y) = 0 ⇐⇒ x ≥ 0, y ≥ 0, xy = 0

One of the most famous complementary functions is the
Fischer-Burmeister function

φFB(x, y) ≡ (x+ y)− (x2 + y2)
1
2

ΦFB(x, y) ≡ |φFB(x, y)|2

Lemma 1: [3] φFB and ΦFB(x, y) are complementary.
The aim of the paper is to show that the Nash equilibrium
problem can be represented by complementary functions as
a system of nonlinear equations.

The Fischer-Burmeister function is not smooth at zero.
If we want to make it smooth at zeros, we can take the
following version of Fischer-Burmeister function:

Definition 8: [3]

θ(x, y, ε) ≡ (x+ y)− (x2 + y2 + 2ε2)
1
2

is called the smooth Fischer-Burmeister function.
Lemma 2: [3] The smooth Fischer-Burmeister function

θ(x, y, ε) is continuously differentiable in R× R× R+

If ε = 0, then the smooth Fischer-Burmeister function
coincides with the Fischer-Burmeister function.

VII. COMPLEMENTARY FUNCTION APPROACH

Regarding theorems 2 and 3, we get with

0 = xkh(rkh(x)− rk(x)) = xkh(rk(x)− rkh(x))

and
xkh ≥ 0, (rk(x)− rkh(x)) ≥ 0

a nonlinear complementary problem:

φ(xkh, r
k(x)− rkh(x)) = 0

Especially the equation xkh(rkh(x) − rk(x)) = 0 is now
also, because of the complementary function φ, fulfilled.
With

∑
h∈Ak

xkh = 1 for all k ∈ K we get:

Fcf−RD(x) ≡



φ(x11, r
1(x)− r11(x))

φ(x12, r
1(x)− r12(x))
. . .

φ(xnmn , rn(x)− rnmn(x))
1−

∑
h∈A1

x1h

. . .
1−

∑
h∈An

xnh


= 0

(VII.1)
Theorem 6: x is a Nash equilibrium if and only if x

satisfies VII.1 with a complementary function φ.

x is NE ⇐⇒ Fcf−RD(x) = 0
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Proof: “=⇒ ”
Let x be a Nash equilibrium. Let k ∈ K and h ∈ Ak.
Since x ∈ Φ, we have xkh ≥ 0. According to theorem 3
rk(x)−rkh(x) ≥ 0 holds, and thus (rk(x)−rkh(x))xkh = 0. So
the complementary function φ(xkh, r

k(x) − rkh(x)) vanishes
for all k ∈ K and h ∈ Ak. On the other hand 1−

∑
h∈Ak

xkh = 0

since x ∈ Φ. So the equation is fulfilled.
“⇐= ”
Suppose the system of equation Fcf−RD(x) vanishes at x.
Then we have:

φ
(
xkh, r

k(x)− rkh(x)
)

= 0 and

1−
∑
h∈Ak

xkh

 = 0

for each player k and any h ∈ Ak.
Thus we have xkh ≥ 0, rk(x) − rkh(x) ≥ 0 for all k, h
and (1 −

∑
h∈Ak

xkh) = 0 for all players k. Then x ∈ Φ and

rk(x)− rkh(x) ≥ 0. According to theorem 3 x forms a Nash
equilibrium.
The proof is not based on heavy mathematical tools, which
can be seen as an advantage for implementation. Still the
statement of theorem 6 is quite strong, since it shows that
the Nash equilibrium problem can be easily formulated as a
nonlinear system of equations in

∑
k∈K

mk variables.

VIII. ALGORITHM

The state of the art is to use path following, Newton-
Raphson or Levenberg-Marquardt algorithms for solving
systems of nonlinear equations. For system VII.1 we have
chosen the Levenberg-Marquardt algorithm. It is known
to be one of the fastest and most robust algorithms for
solving nonlinear equations. We include some heuristics in
the algorithm.

The first useful observation is, that system VII.1 leads
us more reliably to a Nash equilibrium, but not as fast as
III.1. Because the functions in III.1 are smooth and less
complicated than in VII.1. So we first take VII.1 to get an
approximative solution with tol1 < ‖Fcf−RD(x)‖2. Then
we choose a smaller tolerance tol2 < tol1 and get a more
precise solution by III.1 with tol2.

The algorithm still needs starting points. Here we take
the uniform distributed strategy with xk =

(
1

mk , . . . ,
1

mk

)
∀k ∈ K and all pure strategies, i.e., xk = ekh,∀k ∈ K,∀h ∈
Ak. The algorithm will stop when the first equilibrium is
reached. These points deliver satisfactory results, but also
cover a proper area of the set of strategies.

Since Levenberg-Marquardt minimizes the sum of squares,
high deviations have great effects. This may lead to the
result, that the condition rkh− rk ≤ 0 is minimized far faster
than the other conditions. That means that x becomes easily
unfeasible: x /∈ Φ. Because of this observation we add factors

cr, cx, cs, to keep the balance between the conditions:

φ(cxx
1
1, cr[r1(x)− r11(x)])

φ(cxx
1
2, cr[r1(x)− r12(x)])

. . .
φ(cxx

n
mn , cr[rn(x)− rnmn(x)])
cs[1−

∑
h∈A1

x1h]

. . .
cs[1−

∑
h∈An

xnh]


= 0 (VIII.1)

Now we are capable of stating the algorithm (see algorithm
1).

Algorithm 1 cf-RD
Input: cr, cx, cs ∈ R+, tolerances tol1 > tol2 > 0, ε > 0
and a complementary function φ.
for all l = 0, . . . ,

∏
k∈K mk + 1 do

If l = 0, choose x0 with xkh = 1
mk ∀k ∈ K,h ∈ Ak.

If l > 0, choose xl as a pure strategy, with xl 6=
xm ∀m < l
Solve VII.1 with starting point xl and tolerance tol1 by
Levenberg-Marquardt. Set xl equal the solution.
Solve III.1 with starting point xl and tolerance tol2 by
Levenberg-Marquardt. Set xl equal the solution.
if xl is ε-equilibrium then

break
end if

end for

The algorithm is implemented in Matlab R©. We assume,
that an implementation in C or C++ would be faster. The
implementation in Matlab R© was not optimized over and
over again, especially the computation of the payoff function
leaves room for improvement.

IX. COMPUTATIONAL RESULTS

The percentage of games for which we managed to find
Nash equilibria with the use of the above approach with
given accuracy ε = 0.001 is presented in the corresponding
columns of table II. The percentage is calculated for 100
games of each class that differs in the number of agents and
actions. The games are generated with the use of Gamut [11]
with uniformly distributed payoffs from interval [−100, 100].

We compare our algorithm with a number of methods
available through Gambit [18]. Gambit is a collection of
software tools for solving finite, non cooperative games. We
chose global Newton method [8] and simplicial subdivision
[26] for comparison. In addition we compare the Matlab R©-
implementation npg [12] of [2]. npg solves the optimization
problem from theorem 5, by sequential quadratic program-
ming. We test cf-RD with all starting points, as listed in
algorithm 1 and just with one starting point xkh = 1

mk ,
∀k ∈ K,h ∈ Ak2 The first value of the table shows the
percentage of the games solved. The second value gives the

2The running times have not been compared, because of the platform
dependent implementation.
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TABLE II
RESULTS OF EXPERIMENTS

n mk gambit- gambit- cf-RD cf-RD npg
gnm simpdiv one start

2 2 (100,1.20) (100,1) (100,1) (91,1) (80,1)
2 3 (100,1.36) (100,1) (100,1) (64,1) (62,1)
2 5 (100,1.72) (100,1) (100,1) (34,1) (29,1)
2 7 (100,2.74) (95,1) (99,1) (21,1) (20,1)
2 10 (100,3.74) (93,1) (95,1) (14,1) (10,1)
3 2 (100,1.56) (100,1) (100,1) (75,1) (70,1)
3 3 (99,3.40) (98,1) (100,1) (51,1) (54,1)
3 5 (86,6.34) (87,1) (100,1) (39,1) (43,1)
3 7 (89,11.07) (67,1) (100,1) (21,1) (32,1)
5 2 (93,3.52) (94,1) (100,1) (68,1) (57,1)
5 3 (75,6.68) (67,1) (100,1) (47,1) (49,1)
7 2 (82,6.35) (68,1) (100,1) (62,1) (48,1)
7 3 (43,4.21) (<10,1) (100,1) (52,1) (40,1)

average number of the found Nash equilibria for the solved
games.

The method developed in this work shows quite satisfac-
tory results. It is worth noting that almost all tested games
could be solved using different starting points.

In comparison to gambit-simpdiv and npg our method has
the same or stronger properties. Especially the comparison
to npg [2] is important, since both methods are based on
theorem 3. But our approach is capable of formulating the
problem as a system of equations, while npg only states the
optimization problem of theorem 5 and needs n additional
variables. It would be interesting to test the performance of
SQP implementation (like in npg) for VII.1.

To the best of our knowledge, there are no algorithms, that
compute Nash equilibria via optimization problems and show
better results than our implementation of VII.1. We must
also keep in mind, that there is still room for improvement
in our implementation. An idea to improve VII.1, is to
modify the system to get stronger properties. For example,
we can take a smooth Fischer-Burmeister function and solve
the corresponding system of equations by a homotopy with
t = ε. Starting in tstart = 1 and ending in tend = 0. For a
small enough t, the solutions would constitute ε-equilibria.
However we assume, that an arbitrary starting point might
end up in a local minimum instead of a Nash equilibrium.

CONCLUSION

In this paper we give a survey on optimization methods.
We formulate necessary and sufficient conditions for Nash
equilibria in normal games without increasing the dimension
of the problem. We propose an algorithm based on the
developed conditions for calculating Nash equilibria that
showed quite satisfactory computational results.
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