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ABSTRACT

The BRT algorithm is a method for the best-of-n problem that allows a group of distributed
robots to find out the most appropriate collective option among many alternatives. Computer
experiments show that the time required for finding out the best option is proportional to the
number of options. In this paper, we aim to shorten this search time by introducing a few agents
whose threshold increases faster than the normal one to achieve higher scalability of the BRT
algorithm. The results show that the search time is reduced, and the variance is improved,
especially under challenging problems where robots are required to make decisions out of a
large number of options.
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1. INTRODUCTION

In recent years, as robots and software agents have become popular, the research on
the behavior of swarm robotics, called the Collective Decision-making phenomenon, has
been actively studied. Optimality of the system achieved by individual decision-making
is essential for engineering applications and understanding our society more deeply. That
is why this phenomenon is studied in many different disciplines, including Game theory,
multi-agent systems, and distributed artificial systems.

The best-of-n (BSTn) problem is an important research area in Collective Decision-
making that focuses on finding out the question of how a robot swarm can discover the
best choice from a set of many options without a leader [1]. In several robotic scenarios,
the terminology “option” may be a prey in the prey-hunting scenario [2], a bridge in the
double-bridge scenario [3, 4], or a nest-side in the binary aggregation scenario [5, 6].
While the BSTn problem has been kept attention for almost 20 years, the methods used
in the above scenarios are just efficient for simple environments where robots in swarm
face a binary-option problem.

Research focusing on the multi-option domain (n > 2) is getting more attention in
recent years. This research opens up the hope of blurring the line between robot swarm
and natural swarms such as schools, the flock of birds, or foraging ants can make an
optimal collective decision among many options (n >> 2) [7, 8]. Reina et al. proposed a
method based on the nest-site selection of honeybees [9, 10]. This method allows robots
to decide on the optimal option among multiple options. The correct decision is taken in
at least 75% when n < 7. In 2017, Hasegawa et al. applied a sensory discrimination
mechanism using yes/no agents with differential thresholds [11]. The proportion of
correct choices is more than 80%. However, in these methods, the number of options that
robots can deal with is small with not high scalability.

To tackle this problem, we have proposed Bias and Raising Threshold (BRT)
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algorithm that enables robot swarms to solve more complex BSTn problems in which
robots have to face a large number of options [12]. We introduced a social model based
on majority rule to a trial and error process. Each robot considers to changes its option
by monitoring the number of supporters of its recurrent option. Robots keep voting until
all members agree with the best option. Therefore, the BRT algorithm is potentially
effective in maintaining the homeostasis of groups and finding out the best option among
many options with very high accuracy. However, the experimental results showed that it
sometimes takes a large amount of time to find the best option. This is inefficient when
the search time is limited or a short time is desirable.

In this paper, we proposed an extension of the BRT algorithm for more efficient
searching by introducing a derivation agent with a different rate of the rising threshold.
The results show that the search time is reduced and variation is improved, especially
under challenging problems where robots are required to make decisions out of a large
number of options.

The remainder of this paper is organized as follows. In Section 2, we describe the
proposed method. In Section 3, we validate the effectiveness of the proposed method by
using computer experiments. Finally, in Section 4, we present the conclusions.

2. PROPOSED METHOD

2.1. Social Model [13]
B C

x Manitoring of Trends in
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Figure 1. Role of social skin in individual decision-making [13].

BRT algorithm is inspired by a social model in which the choice of all individuals in a
group will converge rapidly to Agree or Opposite [13]. Thus, we explain in detail this
social model.

Assume that there is a group of people who have to choose to agree or disagree with
an opinion. For example, people have to agree to the new business plan at their company
meeting, or students in a class have to vote to go to the zoo or the museum at the
weekend. As shown in figure 1, lwanaga et al. stated that individual decision-making
depends not only on personal philosophy and personal preferences but also on the
atmosphere of the whole group. In other words, an agent determines its chosen based on
its attributes, here we call bias value 6, and by looking at the rate of agreed members to
the option (p(t)). More specifically, as shown in equation (1), an agent will agree if the
rate of agents who agree with the opinion (p(t)) is higher than its bias value (6;).
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p(t) = 6; Agree
) (1)
p(t) < 6; Opposite
Iwanaga et al. clarified that if the cumulative distribution of bias value 6 forms an S-
shaped curve, as shown on the right side of figure 2, all members smoothly move their
opinions to agree or disagree ultimately.
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Figure 2. An example of bias distribution (A) and its cumulative distribution function.
(E1 and E3 are stable points, E2 is an unstable point) [13].

If the distribution shape of the bias value 6 is bell-shaped (figure 2A), the number of
iterations until convergence does not depend on the number of individuals. Thus, it is
possible to expect that the convergence will be achieved promptly even with a large
number of individuals. However, this model was not expanded to the BSTn problem, and
failure recovery dynamics were not discussed.

2.2. BRT Algorithm [12]

Here, we describe the BRT algorithm, a social model for a complex BSTn problem
(n = 2). The number of options is written as M instead of n in following to avoid
confusion.

We assume that there are N robots (agents) Pi,...,P;, ..,Py (1 <i < N) in the
swarm. A = {a,, ..., a;, ..., ay } is a set of options that robots have to make decision with.
M is the number of options and M = 2 (1 <j < M). (a;) represents the number of
robots choosing option a;. A;(t) € A is the current option that robot P; at chosing at time
tand ag,q is the best option that the swarm have to find out (a .4, € A). Robots do not
know whether their current option is the best one until they archive agreenment state
where all robots choice a same option ((4;(t) = N)). The robot P; has the bias 6;
represent his personal preference (0 < 6; < 1), which is generated from a Gaussian
distribution [12].

The robot P; decides his next time option A4;(t + 1) at time t as follows. If

n(4;(t

% >0, +1-c(t) (t—tiast) (2)
is satisfied, he will keep choising the current option, i.e., 4;(t + 1) =A;(t). Otherwise,
he will stochastically choice another option, i.e, 4;(t + 1) € A\ 4;(t).
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T is a constant representing the impatience of robots. If T is small, robots tend to
maintain the current option for a long time, whereas if 7 is large, robots will tend to
move to another option faster.

In addition, t; ;45 is the time when the robot P; last changed its option, and (t -
ti,last) is the time span that the same option continues to be chosen.

_(t+1 Ai(t+1) # A;(t)
bitase(E+ 1) = {ti,last(t) otherwise (3)
c(t) is a function that is equal to 1 or 0 depending on the follows:
c(t) = {O Vl,Ai(t).E Agoal (@)
1 otherwise

Thus, if the robot P; see that the rate of robots who select the same option as theirs is
lower than 6; + - c(t) - (t — t;145), he will choice a new option from other M —1
candidate options. The second term on the right side of (4) will increase its value by the
time elapsed.

2.3. Proposed Method

In natural swarms such as ant colonies, there are always 80% hard-working ants and
20% lazy ants [14]. This phenomenon makes they can always maintain the optimal state
of food. The phenomenon has been modeled and is well known as the fixed response
thresholds model [15]. Individuals with different thresholds respond differently to the
stimuli. Thus, by introducing a few robots with different thresholds, we expect the
swarm to achieve the optimal state more efficiently.

As the analysis and results in [16], the search time required to find out the best
option depends on the number of options M and the impatience of robots . Here, we
focus on shortening the search time by using a few robots that have higher impatience.
In other words, we introduce a few fast raising threshold (FRT) robots in into the swarm
of BRT robots.

Here, we consider a same problem with the problem defined in section 2.2. ppgr IS
ratio of FRT robots in the swarm. The FRT robots have impatience tpzr, and the BRT
robots have impatience tggr (Trrr > Tgrr)- Thus, the FRT and BRT robots are based
on the following decision-making rules, respectively:

@ > 0; + Tpgr - c(t) - (t — tiqst) ()
and
w > 6; + trr - c(t) - (t — tiiase) (6)

Where P; could be FRT robot or BRT robot.
3. RESULTS AND DISCUSTION

3.1. Dynamics of the Decision-making Process

Here, by the computer simulations, we show an example of the dynamics of the best
option searching process. The parameters are set as follows: N = 1000,M = 3, tggpr =
0.003, agoa1 = ag. At the initial, all robots randomly choice their option. Figure 3 shows
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the transition of number robots selecting each option. The horizontal axis represents time
and the vertical axis represents the number of robots selecting each option. As can be
seen, in all cases, the swarm could reach the agreement state and find out the best option
as. In addition, we can see that the higher tzxr is, the shorter time required for an
agreement (around 300, 400, and 450 time step for tpgr = 3,1.5,1.05Tz7,
respectively). Thus, it’s expected that the proposed method enables to improve the
searching time. Moreover, in the case shown in figure 3a, the agreement state on wrong
option (a3) was broken early at around 150 time step. This caused the swarm to restart
early the confusion voting and the other agreement was achieved sooner. These results
show a positive potential of the proposed method to improve the performance of swarm
decision-making.
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Figure 3. The transition of number robots selecting each option.
3.2. Improvement of Searching Time

Here, we focus on clarifying the improvement of the search time in the proposed
method. We set that N = 1000, M = 10, tggr = 0.003, agea = a;0 and 30000 limited

time steps. We changed the rate of FRT robots for each following case: Tpgr =
3,1.5 and 1.05tz5r and run 10000 trials. The result is shown in figure 4. The horizontal
axis represents the rate of FRT robots, the vertical axis represents the average of
searching time in 10000 runs, and the marked lines show the average searching time of
the 3 cases. The result shows that the more FRT robots we used, the more search time we
could shorten even while the rate of FRT is small such as pgrr = 0.05 or prrr = 0.1. In
addition, higher 7z allows more efficient searching.
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Figure 4. Average time required to find out the best option in 10000 runs.
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From the above, compare with the original BRT algorithm (pggrr = 0), introducing
FRT robots could shorten the search time.
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Figure 5. Relationship between pgrr and searching time in the case tTrgrr = 3Tggr-

Figure 5 is a box-and-whisker plot that shows the relationship between pgzr and
searching time in the case tprr = 3 Tggr. Triangle marks represent the average search
time. We can see that the search time is almost inversely proportional to ppgr.
Furthermore, when we increase pgrr, as the size of the box gets smaller, the dispersion
of searching time decreases, and the decision-making process becomes more robustness.

Finally, the experimental results show that the efficiency and the robustness of the
decision-making can be achive by introducing a few fast raising threshold robots.

4. CONCLUSION

While the BRT algorithm allows swarms to deal with a large number of options, the
long time required for finding out the best option is still a disadvantage. In this paper, to
improve efficiency in the decision-making process, we proposed a method by
introducing a few agents whose threshold increases faster than the normal one. The
results show that the search time is reduced, and its variance is improved, especially
under challenging problems where robots are required to make decisions out of a large
number of options.
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TOM TAT
TIM KIEM BAY DAN HIEU QUA BANG THUAT TOAN BRT SU DUNG
AGENT CO NGUGNG TANG NHANH

Thudt toan BRT la mot phwong phdp cho bai toan best-0f-n, né cho phép mét nhom
robot phan tan dva ra quyet dinh tdp thé va tim ra phwong dn thich hop nhat trong nhiéu
phirong dn khdc nhau. Két qua thi nghiém chi ra rang thoi gian can thiét dé tim ra phwong
an tot nhdt 1y 1é thudn véi s6 heong cdc phwong dn trong bai todn. Trong bai bdo nay,
ching toi dwa ra phirong phdp sir dung mot vai robot ¢o nguong tang nhanh hon nguong
binh thuwong dé rit ngdn thoi gian tim kiém va ndng cao khd ndng mo réng cho thudt todn
BRT. Két qua thi nghiém cho thdy thoi gian tim kiém khong chi gidm ma con cdi thién
dwoc do bién thién, dac biét la trong cac bai toan kho khi robot can dua ra quyét dinh
gitta mot lwong lon cac lwa chon khac nhau.

Tir khoa: Bai toan best-of-n; Thudt toan BRT; Robot by dan; Ra quyét dinh tap thé.
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