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Abstract—This work uses a Genetic Programming (GP) algorithm to co-evolve negotiation strategies of agents that have
different preference criteria, namely optimizing price and optimizing negotiation speed. While GP and other algorithms have
been extensively used for price-only optimization, the problem of
price-speed optimization has not yet received the same amount
of attention. In Cloud/Grid computing environments, any delay
in acquiring resources will be considered an overhead, hence
negotiation agents need to adopt strategies that will enable them
not only to optimize resource price but also to reach early
agreements. This research is the earliest work to apply a GP
algorithm for evolving price-speed optimizing negotiation strategies. An important advantage of the GP is its representation,
which allows solutions to be represented in terms of the problem
parameters, rather than as binary or real-value code, as it has
been the case until now with other algorithms. We apply the
GP to different negotiation scenarios and compare its results
to other previously published works on the problem of pricespeed optimizing negotiation agents. Results show that the GP
1) outperforms the algorithms from these previous works and 2)
can evolve to an optimal or near optimal strategy.

I. I NTRODUCTION
In multi-agent systems, negotiation is a process where
agents make offers to each other, and make concessions to
reduce their differences in the hope of eventually reaching
agreements. Although designing negotiation agents that only
optimize utility can be sufficient for generic game theory [1],
[2], [3], [4] and e-commerce applications [5], [6], [7], [8],
there are other cases, such as Grid resource management [9],
[10], where negotiation agents should be designed in taking
into account that speed can be as important as price. For
instance, in a Grid computing environment, failure to obtain
the necessary computing resources before a deadline, could
have an impact on the job executions of some applications.
In the past, there have been quite a few works that have applied evolutionary algorithms to automated negotiation problems [11], [12], [13], [14]. However, none of these works was
experimenting with both Price and Speed (P-S) optimization.
The only exception to the above, are two previous works
of Sim [15], [16], where a Genetic Algorithm (GA), and
an Estimated Distribution Algorithm (EDA) were used for
P-S optimization. To the best of our knowledge, no other
algorithms have been used for P-S optimizing negotiation.
However, a disadvantage of the GA and EDA in the above
works was in their representation. In [15], [16], both algorithms used real-coded representation. While this approach has

advantages over binary representation [17], [18], an important
problem that exists is that this representation might need to be
adapted, even if minor changes take place in the bargaining
problem parameters [19]. On the other hand, the Genetic
Programming (GP) [20], [21] has the advantage that it’s a very
flexible algorithm. More importantly, it can use parameters
of the negotiation problem as leaf nodes, resulting to tree
representations that are not affected by changes in the problem
that the negotiation agents are dealing with. More information
about the GP representation will be given in Section III-C.
Because of the advantages of the GP, we are interested
in investigating its performance under diferent experimental
setups for P-S optimization. To the best of our knowledge,
this is the first time in the literature that GP is used for
P-S optimization. This is important, because of the abovementioned representation advantages of the algorithm. We thus
run preliminary experiments for one-to-one P-S optimizing
negotiation. We also compare the GP’s performance with an
EDA and a GA, the only two algorithms in the literature that
have been used for P-S optimization. Our aim is to show
that the GP is at least as good as these algorithms, or even
outperforms them.
The rest of this paper is organized as follows: Section
II presents the problem of P-S optimizing negotiation, and
Section III discusses the three algorithms used in this paper,
which as we have already mentioned are: EDA, GA, and GP.
Section IV then presents the experimental setup of this paper,
and Section V focuses on the experimental results. Section VI
discusses the results. Lastly, Section VII concludes this paper.
II. P RICE -S PEED O PTIMIZING N EGOTIATION
In this process, both Buyer (B) and Seller (S) are sensitive to
time and have incomplete information for each other, i.e., they
do not know each other’s deadline and reserve price. Given
an initial price IPB (respectively, IPS ), reserve price RPB
(respectively, RPS ), deadline τB (respectively, τS ), and timedependent strategy λB , 0 ≤ λB ≤ ∞ (respectively, λS , 0 ≤
λS ≤ ∞), one can calculate the Utility function of each agent.
A. Utility function
The U x of an agent x (B or S) is defined as:
U x = wp × Upx + ws × Usx

(1)

where Upx ∈ [0, 1] is the price utility of x, and Usx ∈ [0, 1]
is the speed utility of x, and wp +ws = 1. If x cannot reach an
agreement before its deadline, then Upx = Usx = 0. Otherwise,
Upx and Usx are defined as follows:
1) Price utility: Given the price Pc that a consensus is
reached by both B and S, then if x is a buyer, the price utility
Upx (Pc ) is given as follows:
RPB − Pc
RPB − IPB
Alternatively, if x is a seller, its price utility is:
Upx (Pc ) = upmin + (1 − upmin )

Upx (Pc ) = upmin + (1 − upmin )

Pc − RPS
IPS − RPS

(2)

(3)

In the above two equations, uP
min is the minimum utility
that x receives for reaching a deal at its reserve price.
2) Speed utility: If τ is the deadline of an agent x, and tc
is the number of rounds needed for x to reach an agreement,
then the speed utility Usx of x for reaching a consensus at tc
is:
tc
)
(4)
τ
s
where Umin
is the minimum utility that an agent receives
for reaching a deal at its deadline. Usx is larger if x needs
fewer rounds to reach an agreement.
Usx (tc ) = usmin + (1 − usmin )(1 −

B. Negotiation strategy
The proposal PB for Buyer at time t, 0 ≤ t ≤ τB , is
determined as follows:
t λB
) (RPB − IPB )
(5)
τB
Similarly, given an initial price IPS , reserve price RPS ,
deadline τS , and time-dependent strategy λS , 0 ≤ λS ≤ ∞,
the proposal PS for Seller at time t, 0 ≤ t ≤ τS , is determined
as follows:
PtB = IPB + (

PtS = IPS + (

t λS
) (IPS − RPS )
τS

(6)

C. Negotiation protocol
The negotiation protocol that B and S follow is Rubeinstein’s alternating-offer protocol [4]. Thus, B makes an offer
first at t = 0 and continues making offers at t = 2, 4, 6, ...; S
makes counter offers at t = 1, 3, 5, 7, .... During negotiation,
B makes offers by using Equation 5, while S makes counter
offers by using Equation 6. The negotiation terminates if either
of the following two cases occur:
• An agreement has been reached by B offering at least
the price that S has proposed. In other words, PB needs
to be greater than or equal to PS . If this happens, the
negotiation terminates and the price consensus PC is B’s
proposed price PB .
• The deadline of either B or S has been reached
(whichever comes first). At this point S is allowed to
make a last counter offer, even if it is not its turn. This is

done to take into account the case where B is proposing
PtB = RPS at time t = τS ;1 in this case, S would
have the incentive to accept B’s offer. But in order to
accept this offer, S should be given a chance to do this.
Therefore, when the deadline is reached, S is allowed to
make a last counter offer, even if it’s not its turn, so that
it is given an opportunity to accept B’s offer at the level
of RPS .
D. The Problem
Given the above, we are interested in finding a value of
λB (respectively, λS ) that would optimise U x . Taking into
account that agents can have different deadlines, different
preferences for the time and cost criteria (i.e., different ws and
wp ), and face different opponents (with different parameters,
e.g., different deadlines and different strategies), using gametheoretic approaches to compute λB (respectively, λS ) can be
a hard problem to solve. In the next section we present how
Genetic Algorithm and Genetic Programming can be used, for
co-evolving the best strategies for B and S.
III. A LGORITHMS
All algorithms in this paper will be using two subpopulations DB and DS , for B and S, respectively. These two
populations are going to co-evolve, and individuals in DB and
DS will negotiate with each other, through random pairing
between an individual from DB and an individual from DS .
The fitness of each individual is determined by its negotiation
outcome (i.e., the price and the number of negotiation rounds
that it used to reach an agreement with another individual in
the other population).
One last thing that we would like to mention, before going
into the details of each algorithm, is that the design of the EDA
and the GA is the same as in Sim’s previous works [15], [16].
This is done for consistency and comparison purposes, since
these are the only other published works on the problem of
Price-Speed optimizing negotiation agents.
A. Estimation Distribution Algorithm
1) Individual representation: An individual in DB or DS
represents an agent’s strategy λ. In our framework, an individual consists of three genes. Each gene can take random real values between 0 and 1. We are using real-coded
representation, because binary coding mechanisms can have
disadvantages, such as the existence of Hamming cliffs and
the lack of computation precision [17], [18].
The strategy λ is calculated by summing up the values of
the first two genes, and then dividing this sum by the number
of the third gene. For instance, if an individual was the string
= 0.8. Using the last gene for
[0.5 0.3 1], then λ = 0.5+0.3
1
division purposes has the advantage that it can return small or
big λ values, depending on what is necessary. For instance,
if the third gene in the above example was 0.05, then λ =
0.5+0.3
= 16. As a result, we do not need to worry about
0.05
1 This example assumes that τ
S ≤ τB . Nevertheless, the same principle
would take place if τB ≤ τS .

increasing or decreasing the number of genes of individuals if
a problem required very small or very large values of λ.
2) Fitness function: During each generation, every individual x from DB is randomly paired with an individual y from
DS and they negotiate following the procedure described in
Section II-C. The fitness value for x and y is defined as the
utility for that agent:
f (x) = U x = wp × Upx + ws × +Usx

(7)

3) Selection method: In every generation, the DB and DS
populations are sorted according to their fitness (the individual
with the highest fitness is placed at the top). Then, the top N
individuals are selected to be saved in a new subpopulation
(dB and dS , respectively).
4) Estimation of the probability distribution: After the creation of the sorted subpopulations dB and dS , new populations
DB and DS are going to be sampled from a probability
distribution. As in [15], a normal distribution is assumed for
each gene of the λ strategies. Thus, there is one probability
distribution from which all first genes of the strategies are
going to be sampled, another distribution for all second
genes, and another one for all third genes.2 The probability
distribution f B (X) for each X gene learnt from dB can be
estimated as follows:
(X−µ)2
1
e− 2σ2
f B (X) = √
2πσ

Begin
Pop DB <= InitializePopulation (Pop); /* Randomly create
a population of strategies λ for Buyer */

Pop DS <= InitializePopulation (Pop); /* Randomly create
a population of strategies λ for Seller */
Evaluate (DB ); /* Calculate fitness of each strategy λ in DB */
Evaluate (DS ); /* Calculate fitness of each strategy λ in DS */

Repeat
Select (dB ); /* New subpopulation with N ≤ M individuals
from DB via the selection method. M is the population size of DB .
*/
Select (dS ); /* New subpopulation with N ≤ M individuals from
DS via the selection method. M is the population size of DS . */
Estimate (f B (X)); /* Estimate the probability distribution
B
f (X) of each X gene from dB . */
Estimate (f S (X)); /* Estimate the probability distribution
S
f (X) of each X gene from dS . */
Create (DB ); /* Create new population DB of M individuals
sampled from f B (X). */
Create (DS ); /* Create new population DS of M individuals
sampled from f S (X). */
Until (TerminationCondition( )) /* Determine if we have
reached the last generation, and return the best individual (highest
fitness) from DB and DS , respectively. */

End
Fig. 1.

Pseudo code for the procedure that the EDA follows.

B

Thus, to estimate f (X) is to estimate the value of µ and
σ. In each generation, the maximum likelihood estimates of µ
and σ are determined by: s
N
N
P
P
µ̂ = N1
λr , and σ̂ = N1
(λr − µ̂)2
r=1

r=1

The same method is used to estimate f S (X) for X from
dS .
5) Stopping criteria: The EDA algorithm stops once the
maximum number of generations has been reached. Figure 1
summarizes the EDA process.
B. Genetic Algorithm
The GA follows the same individual representation, fitness
function, and stopping criteria, as the EDA above. The difference is in the selection method, where tournament is used. In
addition, elitism, one-point crossover and one-point mutation
are the three genetic operators used during the evolutionary
procedure.

has the advantage that λ is now calculated dynamically. As
a result, the GP’s representation and behavior is not affected
by changes in the negotiation problem parameters, such as
changes in the values of τb or τS . Since the representation is
in the form of the problem parameters, the same evolved trees
could be used even if the above values had changed. This, on
the other hand, could not happen with the EDA and the GA,
where a new λ value would have to be evolved every time.
To further explain this, we present Equation 8, which is the
strategy that allows Buyer B to achieve maximum utility, as it
was proven in [22].3 Thus, B achieves maximum utility when
it adopts the strategy
λB = log τS

τB

2 The terms ’first’, ’second’, and ’third’ gene refer to the position of the
gene in an individual λ strategy. For instance, if we have the individual [0.5
0.3 1], then the first gene refers to the value 0.5, the second gene to the value
0.3, and the third gene to the value 1.

(8)

Similarly, S achieves maximum utility when it adopts the
strategy

C. Genetic Programming
1) Individual representation: The idea behind the use of GP
is to use the flexibility of its structure and calculate λ as a representation of the problem parameters, instead of just creating
different λ values, as it happens with the EDA and GA. This

RPS − IPB
RPB − IPB

λS = log τB
τS

IPS − RPB
IPS − RPS

(9)

Hence, we are interested in creating λ values that are a direct
result of the above parameters found in the optimal strategies
in Equations 8 and 9. Thus, the GP terminal set consists
3 This theoretical optimum can only be calculated for Price-only optimization problems, and not if Speed optimization is involved. Nevertheless, such
a theoretical optimum can act as a very useful experimental benchmark.

of all of the above problem parameters: IPB , IPS , RPB ,
RPS , τB , and τS . Furthermore, the function set consists of
the following functions: ADD (Addition), SUB (Subtraction),
MUL (Multiplication), DIV (Division), and LOG (Logarithm).
Therefore, the GP can, through its evolutionary process,
create complex trees that represent the trading strategies of the
agents, and also return trees similar to the ones from Equations
8 and 9. Figure 2 presents an example of a GP individual,
which is essentially the GP representation of Equation 9.

DIV

LOG

LOG

DIV

DIV
SUB

SUB

τB

τS

Begin
Pop DB <= InitializePopulation (Pop); /* Randomly create
a population of strategies λ for Buyer */

Pop DS <= InitializePopulation (Pop); /* Randomly create
a population of strategies λ for Seller */
Evaluate (DB ); /* Calculate fitness of each strategy λ in DB */
Evaluate (DS ); /* Calculate fitness of each strategy λ in DS */

Repeat
Pop DB <= Elitism (DB ) + Crossover (DB ) + Mutation
(DB ); /* New population is created after genetic operators of
elitism (which reproduces M*PrE individuals), crossover (which
creates M*PrC individuals), and mutation (which creates M*(1PrC) individuals). PrE and PrC denote the elitist and crossover
probabilities, respectively. M is the population size. */

Pop DS <= Elitism (DS ) + Crossover (DS ) + Mutation
(DS );
Evaluate (DB ); /* Calculate the fitness of each strategy λ in
DB */

Evaluate (DS ); /* Calculate the fitness of each strategy λ in
DS */

IPS

RPB
Fig. 2.

IPS

RPS

Sample tree generated by the GP

The rest of the GP algorithm is the same as the GA. The
fitness function is calculated in exactly the same way as the
GA’s fitness (see Equation 7). Also, tournament is again used
as the selection method, and the GP operators are again elitism,
one-point crossover and one-point mutation. The GP algorithm
stops once the maximum number of generations has been
reached. Figure 3 summarizes the process of the GA and GP
algorithms.
IV. E XPERIMENTAL S ETUP
The purpose of the experiments is to evaluate the performance of the EDA, GA, and GP algorithms, in co-evolving
negotiation strategies for bilateral negotiation between two
agents B and S, where both B and S have incomplete
information (they do not know each other’s initial price,
reserve price, deadline, and strategy). For statistical purposes,
each algorithm is run for 50 times. The EDA, GA and GP
parameters are presented in Table I. The first part of the table
presents the evolutionary parameters that are present in all
three algorithms. The second part refers to EDA only, and
informs us that the subpopulations are going to be the top
50% (in terms of fitness) of the DB and DS populations.
The value of 50% was selected after experimenting with 10
different percentages, from 10-100%. Furthermore, the third
part of the table presents parameters that are present in the
GA and the GP. The value of these parameters was again
selected through experimental tuning. Lastly, the bottom part
of the table presents the function and terminal sets, and also
the maximum depth of the trees. These parameters are GPrelated only.
In addition, Table II presents the experimental parameters
related to the negotiation problem. As we can observe, the
initial and reserve prices are set to IPB = 5, RPB =

Until (TerminationCondition( ))

/* Determine if we have
reached the last generation, and return the best individual (highest
fitness) from DB and DS , respectively. */

End
Fig. 3.

Pseudo code for the procedure that the GA and the GP follow.
TABLE I
E XPERIMENTAL PARAMETERS FOR EDA, GA, AND GP
Parameter

Value

Generations (all)
Population (all)

100
1000

Subpopulation Percentage (EDA)

0.5

Tournament Size (GA and GP)
Crossover Probability (GA and GP)
Mutation Probability (GA and GP)
Elitism Probability (GA and GP)

4
0.9
0.1
0.01

Function Set (GP)
Terminal Set (GP)
Maximum Depth (GP)

ADD, SU B, M U L, DIV, LOG
IPB , IPS , RPB , RPS , τB , τS
4

85, IPS = 95, and RPS = 15, respectively. Through experimental tuning, a deadline of around 30-35 iterations is
considered short, whereas a deadline of around 100 iterations
is considered long. As it is noted in [15], for deadlines
below 30 time units, agents do not have sufficient time to
reach agreements; also, for deadlines longer than 100 time
units, the negotiation outcomes are generally similar to those
obtained for deadlines in range [90,100]. Therefore, in this
paper, we are using deadlines in the range from 30 up to
100. We consider three different cases: (i) B has very little
bargaining advantage in terms of time over S, and both agents
have little time to negotiate (τB = 35, τS = 34), (ii) B has
a significant bargaining advantage in terms of time over S

TABLE II
N EGOTIATION PARAMETERS
Parameter

Value

IPB
RPB
IPS
RPS
Deadlines [τB τS ]
Weights [wp ws ]
uP
min
uS
min

5
85
95
15
[35 34] , [100 30] , [100 95]
[0.1 0.9], [0.5 0.5], [0.9 0.1], [1 0]
0.01
0.1

(τB = 100, τS = 30), and (iii) B has very little bargaining
advantage in terms of time over S, and both agents have
plenty of time to negotiate (τB = 100, τS = 95). Lastly, we
are interested in testing the above deadlines under different
utility function weight arrangements. Thus, each of the above
three deadlines is tested under four different pairs of price
and speed weight, wp and ws , respectively: (i) Both B and S
are speed-optimising agents, and very little emphasis is given
on price-optimization (wp = 0.1, ws = 0.9),4 (ii) B and S
are price-speed optimizing agents, placing equal emphasis on
both price and speed (wp = 0.5, ws = 0.5), (iii) Both B and S
are price-optimizing agents, and very little emphasis is given
on speed optimization (wp = 0.9, ws = 0.1), and (iv) Both B
and S are price-optimizing agents, and no emphasis is given
on speed (wp = 1, ws = 0).
V. E MPIRICAL R ESULTS
Tables III-V present the results of the three algorithms over
the different deadlines of [τb , τS ] = [35, 34], [100, 30], and
[100, 95]. Each table is going to be looking into the four
different Price-Speed weight settings.
A. Case 1: [τb , τS ] = [35, 34]
In this scenario, the buyer agent has a very slight bargaining
advantage over the seller agent in terms of deadline and both
agents have very little time for negotiation. Table III presents
the mean and the max results of λB and Fitness of Buyer.5 Let
us first start with the case where [wp , ws ] = [1, 0], where we
are only interested in Price optimization. In this case, we can
can compare the table’s result with the theoretical optimum,
which can be calculated from Equation 8:
RPS − IPB
15 − 5
= log 34
= 71.736
35
RPB − IPB
85 − 5
As we can observe from the max values, all three algorithms
have managed to find the optimal λB = 71.736.
Let us now move to the results under the different weights.
Since now the optimization is P-S, we cannot refer to the
λB = log τS

τB

4 Setting w = 1, thus having the agents not being interested about price
s
optimization, is unrealistic; for that reason we are not interesting in testing
this scenario.
5 Since Buyer has the negotiation advantage, we are only interested in his
results. The same principle applies to the rest of our paper, since Buyer always
has the negotiation advantage.

optimal λ to judge the results. Thus, we have to check the
mean and max values of the Fitness.6
In terms of mean results, we compared the average fitness of each algorithm, for each weight scheme, under oneway ANOVA test. The software we used for this test was
MATLAB, where we used the built-in anova1 command. The
test’s significance level was 5%. The null hypothesis H0 was
that all three groups (fitness values over 50 runs of EDA,
GA, GP) have a common mean; the alternative H1 was that
they do not. In cases where the null was rejected, we had
to further investigate which algorithm was better. In order
to do this, we used the multiple comparison tests, which
are also provided by MATLAB, via the built-in command
multcompare. Therefore, when an algorithm is significantly
better (at 5% level) than at least one more algorithm, we denote
this in Table III by putting its average fitness in bold fonts.
When an algorithm is significantly better than both of the
other two algorithms, then we put its average fitness value
in both bold and underlined fonts. For instance, in the case
of [wp , ws ] = [0.1, 0.9], the GA’s fitness value is in bold font,
and the GP’s fitness is both bold and underlined. This means
that they are both significantly better than the EDA’s average
fitness. In addition, the GP is also significantly better than the
GA.7
What we can thus observe from the mean results of Table
III, is in most cases the GP performs as well as the GA and the
EDA. More specifically, there are no significant differences for
the three algorithms, for the cases of [0.1, 0.9], [0.9, 0.1], and
[1, 0]. On the other hand, in the case of [wp , ws ] = [0.5, 0.5],
we can observe that not only the GA outperforms the EDA,
but also that the GP outperforms both of the GA and EDA (at
5% significance level).
With respect to the max values, we follow the same presentation principle, of bold and underlined values. The difference
here is that since we are dealing with best values, we cannot
use a statistical test. Thus, for the purposes of this paper
we consider an improvement as important when there is an
increase of at least 1%. As we can observe from Table III, GP
returns either as good results as the other two algorithms, or
improved results. In the [0.5, 0.5] scenario, the GP outperforms
again both the GA and EDA, while the GA only outperforms
the EDA. What is worth-mentioning here is the scale of
the improved results, which is quite significant: the GP has
improved the best fitness of EDA and GA (0.5422 and 0.7399,
respectively) to 0.8984. That’s quite remarkable, as it is an
improvement of about 36 and 16%, respectively. Lastly, the GP
outperforms both the GA and EDA in the [0.9, 0.1] scenario.
B. Case 2: [τb , τS ] = [100, 30]
The buyer agent has a significant bargaining advantage over
the seller in terms of deadline. Table IV presents the results of
6 As explained earlier in Section III, the theoretical optimum can only be
calculated for Price-only optimizing negotiation.
7 The same principle of setting the significant improved results in bold and
underlined fonts applies to the rest of the tables of this paper.

TABLE III
R ESULTS UNDER [τB , τS ] = [35, 34]
EDA

GA

λB = log τS

GP

τB

[wp , ws ]

λB

Fitness λB

Fitness λB

Fitness

[0.1, 0.9] Mean
Max
[0.5, 0.5] Mean
Max
[0.9, 0.1] Mean
Max
[1.0, 0.0] Mean
Max

0.6216
0.6907
70.307
71.736
71.736
71.736
71.736
71.736

0.9138
0.9169
0.4892
0.5422
0.7986
0.7986
0.8762
0.8762

0.9171
0.9181
0.5846
0.7399
0.7986
0.7986
0.8762
0.8762

0.9178
0.9182
0.6319
0.8984
0.7993
0.812
0.8762
0.8762

0.6963
0.7242
3.0381
71.726
71.726
71.736
71.728
71.736

0.7158
0.7264
8.0331
71.736
66.138
71.736
71.735
71.736

this negotiation scenario. Let us again first examine the case
where [wp , ws ] = [1, 0]. The optimal lambda is:
RPS − IPB
15 − 5
30
= log 100
= 1.7271
RPB − IPB
85 − 5
As we can observe from the table, the three algorithms have
again managed to find the optimal λ. Moreover, in the rest of
the results the three algorithms are performing equally well.
The only exception is again the [wp , ws ] = [0.5, 0.5] scenario.
Here the GA significantly outperforms the average fitness of
the EDA. In addition, the GP significantly outperforms the
average fitness of both GA and EDA. It is also worth noting
that the GP’s average fitness has approximately increased the
EDA and GA’s fitness by 11% and 8%, respectively. Both of
these improvements should be considered as significant.
Lastly, there is a similar picture for the best results, where
the GP is again performing as well as the other two algorithms
for the cases of [0.1, 0.9], [0.9, 0.1] and [1, 0], and significantly
outperforms both the EDA and GA for [wp , ws ] = [0.5, 0.5].
Also, both the GA and GP have improved the EDA’s best
fitness by approximately 13%.
λB = log τS

τB

We can see that none of the three algorithms has found
this λ. However, this only happens because the price utilities resulting from the optimal λ above and the λ of the
GP, are exactly the same. To be more specific: under the
λB = 40.5402, our experiments showed that the agreement
will take place in round 95, and the agreed price will be the
RPS = 15. Interestingly enough, the GP’s best λB = 33.607
will result into an agreement in round 94; of course, since
we are only optimizing price, reaching to an agreement one
round in advance does not affect the agent’s utility. What is
of interest, however, is the fact that the agreed price is also
15. We can see that the two agreed prices are the same, which
thus explains why the utilities are the same. The offered prices
for the Buyer are demonstrated at the Appendix of this paper.
As a result, both all three algorithms seem to be focusing on
λ values around 33.6, which gives the highest fitness anyway.
We can thus conclude that all three algorithms can find λ
values that result to a fitness equal to the optimal one.
Regarding the other price and speed weight parameters,
there is a similar picture as before, in Case 1: [τb , τS ] =
[35, 34]. In terms of mean results, there are no significant
differences in the cases of [wp , ws ] = [0.1, 0.9] and [0.9, 0.1].
The case of [0.5, 0.5] returns very interesting results, with the
GP outperforming both the EDA and GA by 26% and 13%,
respectively.
Lastly, in terms of max results, the [0.5, 0.5] scenario returns
again very impressive results. More specifically, the EDA’s
best fitness is only 0.68. On the other hand, the GA has had
a best fitness of 0.8984, and the GP a best fitness of 0.9131.
These are improvements of about 30%. Lastly, both the GA
and GP outperform the EDA in the [0.9, 0.1] scenario.
TABLE V
R ESULTS UNDER [τB , τS ] = [100, 95]

TABLE IV
R ESULTS UNDER [τB , τS ] = [100, 30]
EDA
[wp , ws ]
[0.1, 0.9] Mean
Max
[0.5, 0.5] Mean
Max
[0.9, 0.1] Mean
Max
[1.0, 0.0] Mean
Max

λB
0.4929
0.5180
1.7271
1.7271
1.7271
1.7271
1.7271
1.7271

GA

Fitness λB
0.9613
0.9627
0.7986
0.7986
0.8607
0.8607
0.8762
0.8762

0.5027
0.5285
1.3245
1.7271
1.7269
1.7271
1.7270
1.7271

RPS − IPB
15 − 5
95
= log 100
= 40.5402
RPB − IPB
85 − 5

EDA

GP
Fitness λB
0.9618
0.9632
0.8273
0.9224
0.8607
0.8607
0.8762
0.8762

0.5271
0.5313
0.5366
1
1.7257
1.7271
1.7259
1.7271

Fitness
0.9631
0.9633
0.9094
0.9217
0.8605
0.8607
0.8761
0.8762

C. Case 3: [τb , τS ] = [100, 95]
The buyer agent has a slight bargaining advantage over
the seller agent in terms of deadline. Also, both agents have
plenty of time to negotiate. Table V presents the results of
this negotiation scenario. Let us again first examine the case
where [wp , ws ] = [1, 0]. The optimal lambda is:

GA

GP

[wp , ws ]

λB

Fitness λB

Fitness λB

Fitness

[0.1, 0.9] Mean
Max
[0.5, 0.5] Mean
Max
[0.9, 0.1] Mean
Max
[1.0, 0.0] Mean
Max

0.4791
0.5151
32.945
30.607
33.607
33.607
33.607
33.607

0.9605
0.9625
0.5096
0.68
0.8022
0.8022
0.8762
0.8762

0.9619
0.9632
0.6172
0.8984
0.8042
0.8634
0.8762
0.8762

0.963
0.9633
0.7644
0.9131
0.8093
0.8663
0.8762
0.8762

0.5039
0.529
3.4544
33.604
32.311
33.607
33.603
33.607

0.5244
0.5307
1.5335
18
23.983
33.607
33.606
33.607

VI. D ISCUSSION
The above allow us to argue that all three algorithms
are doing extremely well; however, it seems that overall the
GP outperforms both the EDA and the GA. It should also
be noted that the max results are of particular interest to
us, because in real-life situations we would be running the

algorithms multiple times, and then select the best result as
the agents’ trading strategy. Thus, while average results are
always important for research comparison purposes, best/max
results have real-life value.
To get a clearer picture of these results, we present Tables VI
and VII, which are ‘league’ tables for the mean and best values
of the three algorithms. For every scenario from Sections V-A,
V-B and V-C, we compare the three algorithms. The algorithm
with the significantly8 highest fitness receives 2 points, and
the second highest receives 1 point. No points are allocated
for the worse algorithm. For instance, in the case of [τB , τS ] =
[35, 34], [wp , ws ] = [0.5, 0.5], the EDA’s best fitness is 0.5422,
the GA’s 0.7399, and the GP’s 0.8984. Thus, the GP would
get 2 points in this instance, the GA 1 point, and the EDA
0 (zero) points. We apply the same principle to all scenarios
presented in the previous section. Lastly, in cases where two
algorithms have the same fitness value, they both receive 2
points each. When all three algorithms have the same fitness,
then they all receive 2 points.
TABLE VI
L EAGUE TABLE FOR MEAN RESULTS
Algorithm

Points

EDA
GA
GP

16
21
24

TABLE VII
L EAGUE TABLE FOR BEST RESULTS
Algorithm

Points

EDA
GA
GP

14
18
22

Tables VI and VII summarize what we saw earlier in Section
V: the GP is the best algorithm in both mean and max results.
The GA takes the second position in both mean and max
results, and the EDA is last.
Furthermore, it should be reminded that all three algorithms
were able to find the theoretical optimum λ value, under the
Price-only optimizing scenarios, for the cases of [τB , τS ] =
[35, 34] and [τB , τS ] = [100, 30]. Also, as we explained earlier,
in the [100, 95] scenario, even though none of the algorithms
was able to find the optimal strategy, all three algorithms were
able to locate another soluction, which returned equally high
fitness, as the one of the theoretical optimum. Thus, we can
conclude that the GP, as well as the other two algorithms are
able to find optimal or near-optimal solutions.
The above results are very important, because they suggest
that the GP is able to not only find optimal/near-optimal solutions, but also outperform the only other published algorithms
8 Regarding significance, the principles explained earlier in Section V apply:
for mean results, we have used the ANOVA and multicomparison tests to
specify which algorithms are significantly better than others. Regarding the
best results, the rule of an improvement of at least 1% applies.

in the literature, namely the EDA and the GA. Furthermore, in
some cases the GP was able to show impressive improvements,
particularly in the scenario of [wp , ws ] = [0.5, 0.5] (e.g., improvements in the range of 15%-30%). It seems that because in
this scenario the agents have to put equal efforts for optimizing
Price and Speed, the EDA and the GA have difficulties doing
this in an effective manner. This is likely because of the nature
of the search space, which under the [0.5, 0.5] scenario is much
more complex than in the other scenarios. On the other hand,
we believe that the GP’s flexible representation has allowed
it to search the space in such ways that can result to such
highly performing trading strategies. The above is of particular
significance, because the [wp , ws ] = [0.5, 0.5] scenario is
a true Price and Speed optimization problem. In all other
scenarios, where higher weight was given in either Price or
Speed optimization, all algorithms have more or less managed
to do similarly well. However, the actual difficulty lies with the
task of optimizing both Price and Speed. As it was explained
at the beginning of this paper, while there are numerous works
that have focused on optimizing Price, it’s only lately that it
has been argued that Speed is equally important. And as we
have seen, in such an important problem the GP is able to
offer solutions of great quality. For that reason, we believe
that the GP is an extremely valuable tool for the problem of
Price-Speed optimization. Lastly, it is also important to note
that the GP was never outperformed in neither mean nor max
results, by any of the EDA or the GA. This is also significant,
because it demonstrates the overall superiority of the GP in
the experiments of this paper.
One final note that we would like to make is that we are
aware that there are different schools and ways to implement
the above three algorithms, which could potentially lead to
different results. Nevertheless, this falls outside the scope of
this paper. We are not arguing an overall superiority of the GP
over the EDA and GA. Our claim is that the GP, as a result
of its flexible representation, is able to outperform the only
other published works (i.e., EDA and GA) on the problem of
Price-Speed negotiating agents. For this reason, the GP should
be considered as a very useful algorithm in the above field and
more research should take place towards this direction.
VII. C ONCLUSION
To conclude, this paper applied Genetic Programming for
Price-Speed (P-S) optimizing negotiation. P-S optimizing negotiation is a very important category of bargaining, with
application in real-life situations, such as Grid computing
environments. In this type of negotiations, we are not only
interested in finding the optimal price for the participating
agents, but also to ensure that the agreement takes place as
soon as possible.
P-S optimizing negotiation is an area that has not received
much attention yet. This work was the first to apply GP to
co-evolve trading strategies. The novelty that the GP offers
is that it can represent solutions as part of the experimental
parameters, rather than just producing arbitrary real numbers,
as other methods have done until now.

We compared the GP with an EDA and a GA, the only
other algorithms in the literature that had been used for P-S
optimizing negotiation. Experiments took place over a number
of different scenarios, and results showed that the GP can
always perform at least as good as the other two algorithms.
In addition, in many situations it can even outperform them.
Lastly, the GP was able to find the optimal or near-optimal
solutions. These results, in addition to the advantages of the
GP representation, allow us to characterize this algorithm as a
significant contribution to the field of Price-Speed optimizing
negotiation.
Future work will focus on experiments with more complex
setups, as one-to-many and many-to-many negotiating agents.
This paper, being our first attempt with a GP, focused on
bilateral negotiations only (one buyer, one seller). However,
it is important to experiment with more complex scenarios,
because this will make our framework more realistic and
offer us better understanding of the bargaining problem when
dealing with Grid computing environments.
A PPENDIX
Here we demonstrate the bargaining process for Buyer,
under two different λB values. The first value, which
was calculated from the theoretical optimum, is 40.5402.
The second value, which was the GP’s evolved result, is
33.60691642865712, which can be re-written to 33.607; the
latter has been used in this paper for presentation purposes.
Nevertheless, it should be noted that the experiments used the
full number and not its “shortened” version.
TABLE VIII
N EGOTIATION PRICES OF B UYER (PB ), UNDER TWO DIFFERENT λS :
40.5402, AND 33.607.
Time

λB = 40.5402

λB = 33.607

0
1
2
...
92
93
94
95

5
5
5
...
7.7230
9.2207
11.5116
15

5
5
5
...
9.8541
11.9807
15
19.2708

As we can observe, both λs result to an offer of Seller’s
Reserve Price RPS = 15; thus, even though λB = 33.607
is not the theoretical optimum, it can return exactly the same
fitness as the theoretical optimum (λB = 40.5402), for Priceonly optimizing agents.
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