Using GAs to Minimise the Bullwhip Effectin a
Supply Chain

T. O’Donnell®, L. Maguire?, R. Mclvor®, P. Humphreys'
! Faculty of Business and Management, University of Ulster, N. Ireland
2 ISEL, School of Computing and Intelligent Systems, Faculty of Engineering, University of Ulster, N. Ireland
Corresponding Author: m.odonnell1l@ulster.ac.uk

Abstract

This paper presents a genetic algorithm (GA) that is
employed to eliminate the bullwhip effect in the beer
distribution game. The authors demonstrate that the
genetic algorithm can determine the optimal ordering
policy for each member of the supply chain (SC) when
facing deterministic and random customer demand.
The approach is demonstrated using the MIT beer
distribution game.
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1. Introduction

The bullwhip phenomenon refers to the amplifications
in orders in a SC. Procter & Gamble were one of the
first companies to discover the bullwhip effect when
they examined the ordering patterns for one of their
products. The retail demand was fluctuating slightly
but when examining the upstream members of the SC,
the greater the variability of the orders. This distorted
information from one end of the SC to the other can
lead to inefficiencies, i.e. excessive inventory, quality
problems, higher raw material costs, overtime
expenses, shipping costs, poor customer service and
missed production schedule [1,2,3].

Possibly the best known illustration of the
bullwhip effect is the MIT beer distribution game [4].
It is a replica system for producing and distributing a
single brand of beer. The SC consists of five members:
Customer, Retailer, Warehouse, Distributor and
Factory. No communication is allowed and decisions
are based only on orders from the next downstream
player. Each player makes ordering decisions based on
locally available information. The beer distribution
game is completely deterministic. There are no
random elements in the model. If demand does not
change, the system will continue forever in complete
equilibrium.

This paper discusses how GAs are used to
investigate the optimum ordering policy to minimize
the bullwhip effect in a SC. Section 2 provides a
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review of the relevant literature. Section 3 describes
the application and the design of the GA. The results
from a number of experiments are presented in Section
4. Finally, Section 5 provides a summary of the
research.

2. Literature Review

Many researchers have investigated different
approaches to eliminating the bullwhip effect but few
have applied artificial intelligence techniques to the
problem. The authors have reviewed the relevant
literature which is summarised in table 1.

Artificial intelligence techniques present an
alternative approach to classical management
techniques. These techniques provide a powerful
approach to reducing or eliminating the bullwhip
effect. A major gap is present in the current literature
with respect to the application of Al techniques to
minimise the bullwhip effect. Current research into
reducing the bullwhip effect has mainly comprised of
classical management techniques.

Al Technique | Supply Chain Management Area
Bullwhip Inventory Modeling
Effect Scheduling
Distribution
GA [5] [7]. [8]. [9] [13]
FL 6] [10] [14], [15]
ANN [11]
GA and ANN [12]

Table 1: Al Techniques in Supply Chain Management

3. Methodology and Implementation

The main aim of this research is to investigate if GAs
can eliminate the bullwhip effect in a SC based on the
MIT beer distribution game. The GA will determine
the optimal ordering policy for each member of the
SC, eliminating the bullwhip effect and reducing cost.



In the MIT beer game, a one week delay between
orders being sent by one member and received by the
next upstream member. Delays are used to represent
information and physical lead-time that is present in
SCs. Each player incurs a holding cost and a penalty
cost if there are backorders. The objective is to reduce
cost across the entire SC.

The following notations are used to derive the total
cost of the SC: N = number of players, i = 1....N. i.e.
4. INV;(t) = inventory of player i at week t. UFD;(t) =
unfulfilled demand/backorders of player i at week t.
Ci(t) = cost of player at week t. H; = Inventory Holding
Cost of player i per unit per week ie. £1. B; =
Backorder Penalty Cost of player i per unit per week
i.e. £2

The total cost for entire SC of N players, after M
weeks/periods [5] is:

N M
2. ¥ Ci(t)
iI=1t=1
where Ci = (INVi(t) x Hi) + (UFDi(t) x Bi)

A model of the MIT beer game was created
based on Stermans simulated beer game [4]. The
ordering and inventory levels of each player are shown
in Figure 1(a, b). The further upstream the SC, the
more significant are the amplifications in the ordering
and inventory levels, i.e. the bullwhip effect.

The GA determines the ordering policy for
each member which is best suited to the customers
orders throughout the duration of the game. The GA
evaluates the chromosome based on the cost function
and assigns a fitness value. The beer game calculates
the total cost using the equation stated above. This
process is repeated until the maximum number of
generations is reached. The chromosome that has the
highest fitness value is carried on to the next
generation by elitism.

The ordering policy of each member is based
on the order received from the immediate downstream
member, e.g. 1-1 policy means if the customer orders
4 units from the retailer, the retailer orders 4 units
from the warehouse etc. and the overall chain
representation of the order for the 1-1 policy is [Xyy,
X23, Xaa, Xa5]. The value x;; represents the demand that
each player j receives from the immediate downstream
player i, i.e., x34 represents the demand received by the
factory which is ordered by the distributor and so on.

Binary coding is used to represent the
chromosomes. In the original simulated beer game, no
member orders more than 30 cases in any week. As a
result, a 5-bit binary string is used to represent how
much to order. e.g. the representation 01101 can be
interpreted as 13. i.e. if demand is x then order x;+13.
The maximum order is 31 with a 5-bit representation.
One bit is added to the left hand side of the string to
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represent a ‘+’ or and the string is scaled to
represent values between [x;-31, x;+31]. The length of
the chromosome becomes 4 x 6 = 24. (4 players with 6
bits for each player). i.e. 2%,

The members of the SC learn rules via a GA,
where the absolute fitness function is the negative of
the total cost TC. Standard selection mechanism is
used, which is proportional to fitness, as well as
elitism, single point crossover and standard mutation
operators. The GA has a population size of 20 with a
crossover rate of 0.6 and a mutation rate of 0.1.
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4. Experiments

This section provides the results to tests carried out on
the beer distribution game using the GA. The aim of
the experiments is to minimize cost by obtaining the
optimal ordering policy. The following experiments
are based on the work reported in [5].

4.1 Experiment 1

The first experiment was designed to test the
performance of the beer game under deterministic
demand and lead-time, i.e. order 4 units until week 5
and then a step change occurs when orders are ramped
up to 8 and continues until the end of the game. The
beer game was run for 35 weeks to provide a
comparison with previous work of [5] and the GA
determined the optimal policy that eliminated the



bullwhip effect. The result was the 1-1 policy as can
be seen in figure 2 and the associated cost is £360.

The game was then extended to 100 weeks to
determine if the GA could discover a different
ordering policy based on the number of weeks and the
results did not change. The agents found the 1-1 policy
as the optimal policy. The game is in complete
equilibrium, no matter how many weeks the game is
played for as there is no stock being held and all
backorder costs are accumulated in the first few weeks
because of the information and physical lead-time
delays. These results are identical to those reported by

[5].

[X12, X23, X34, X45] at @ cost of £8474. This proves that
the 1-1 policy is best suited for this set of values and
number of weeks. A longer time frame allows the GA
to fully exercise the search space and determine an
optimum ordering policy. When running the best
ordering policy [X1o+1, Xo3, X341, X4s5] Stated by [5] in
the beer game, the cost is £11404 which is much
higher than the 1-1 policy.

Further experiments were performed using
differing random sequences for the 35 week period to
determine which ordering policy was the most
effective and at what cost. The results are listed below
in table 2. The GA was run for 50 sets of random
values and the optimum ordering policy that occurred
most frequently was the 1-1 policy with a mean cost of

Orders
£1554.85.
10
> 81 Order Policy Found Rate of Mean
§ 61 H / by GA Occurrence Cost
g 44 X12, X23, X34, X45 13 1554.85
S 2] X12, Xo3, Xaat 1, Xas 8 1707.75
o X12, Xo3t+1, Xaa, Xas 6 1833.67
13 5 7 9111315 17 19 21 23 25 27 29 31 33 35 X1z, Xzt+1, Xza, Xast1 4 1882
Weeks Xi2+1, Xo3, X34, Xas 2 1897
Xi2+1, Xo3, X3at1, Xast+1 2 1991.5
‘—Customer —— Retailer Warehouse Distributor — Factory X12, X23, X34, Xas+1 2 20495
Fig 2: Results for Experiment 1. X1zt1, Xo3, Xaa, Xast1 4 2100.75
X12+1 X23+1, X34, X45 1 2219
4.2 Experiment 2 iﬂ’ X23'+§34+1' XAS:i ; 23265
This experiment tested known stochastic demand [5], 12, o3+ 2, X4, Xas '
. . X121, Xost+1, Xaa+1, Xss5 1 2431
in the range of [0, 15]. The goal was to examine if the
. . . . . X12+1, X23, X34+2, X45+1 1 2438
GA could find the optimal ordering policy with oo, Yoo Xt Xt 1 4104
mformatlon delay remaining 1 week and phyS|_caI X3, Xom, Xan, Xag+ 1 1 1227
lead-time at 2 weeks. The GA found a better policy X1z, Xo3, Xaa+8, Xus 1 6411

than 1-1 policy by using x;+1 rule. The ordering
strategies found by the agents [X1p, Xo3+1, X34+1, X45+1]
eliminate the bullwhip effect and the SC has a cost of
£1926. The 1-1 policy has a cost of £2736 which is
much higher. The ordering quantity of each player is
shown in figure 3.
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Fig 3: Results for experiment 2.

The game period was increased from 35
weeks to 100 weeks to see if the agents could learn a
different ordering policy based on the number of
weeks. The agents did find a different ordering policy
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Table 2: Optimal Ordering Policies found by the GA
for Random Values

Even though the 1-1 policy has the highest
rate of occurrence and has the lowest mean cost, it
may not be the best ordering policy for every set of
random values.

Other experiments were carried out on
unknown random values for 100 weeks. The same
results as running the beer game for 35 weeks
occurred. The 1-1 policy occurred the most frequently
with a mean cost of £4020.

4.3 Experiment 3

This is a continuation of experiment 2. The same set of
known random values are used but a physical lead-
time of 0-4 weeks distributed through each stage in the
SC, i.e. delay of 2 weeks between warehouse and
retailer and delay of 4 weeks for the factory
production line. The beer game was run for 35 weeks
and the GA found an ordering policy better than 1-1
policy again. The best ordering strategy [Xiz, Xo3,
Xastl, X45+1] gives a cost of £1875 which is much




better than 1-1 policy that costs £3914. The ordering
quantity of all members is shown in figure 4.
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Fig 4: Results for experiment 3.

The time period was increased from 35 weeks
to 100 weeks to test if the same results occurred but
the GA found a different ordering policy [Xi2, Xos,
Xastl, X45] that has a cost of £8740 which is much
lower than that of 1-1 policy which has a cost of
£12012.

5. Conclusion and Further
Research

This study has proved that the bullwhip effect can be
eliminated by applying GAs to the beer game. Various
experiments were carried out to compare results with
that of [5]. The GA designed outperformed that of [5]
by lowering cost and proving that no single ordering
policy is suitable for every set of random customer
orders.

Further experiments will be carried out to
compare results with that of [5], which include
members facing stochastic demand and lead-time.
Extending the SC to more than five members will be
examined to determine the effect of extra members on
cost and the bullwhip effect.
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