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Determining the optimal inventory control policy Production Selling
parameters is key to profitability for any company involved X, Demand Uncertainty
in distribution and/or production of goods ! f . \R
We present a CP model to find the optimal dynamic (R,S) inventory policy parameters When to order? \\/
which minimize the expected cost when demand is stochastic and non-stationary, a How much to order?
minimum service level is required and a discrete stochastic lead-time is given
The (R,S) policy CP — MIP comparison
QR - set of periods when orders have to be placed
Q' S > set of order-up-to-level values for the periods in R CP model MIP model
0 2N constraints QO (N?+5N)/2 constraints

Demand Uncertainty
units

buffer stocks

) stock out time

0 3N decision variables O (N?+9N)/2  decision variables
0 Explores more nodes in the

Q Explores less nodes in the
search tree

search tree

QO Non-linear > uses the Element
global constraint

Q Linear

Non-stationary Stochastic Lot Sizing

Q The target is to find the optimal (R,S) inventory policy minimizing the
total expected cost and meeting the required service level (stockouts %)

Q Decisions have to be taken about the periods when orders are fixed and
about the size of such orders

Q Silver (1978): obtaining the optimal solution for the stochastic non-
stationary formulation of the lot-sizing problem requires significant
computational efforts.

MIP - approach
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Filtering methods

Inventory levels 1 can assume only a finite set of feasible values. Thus we
can reduce the domains whenever a partial solution is given.

We developed three global constraints which can be enforced at each
node of the search tree:

0 Dynamic programming relaxation: relaxes all the three constraint and
build an Shortest Path Problem instance where every arc represents a
replenishment cycle and its cost is equal to the respective replenishment
cycle cost (ordering cost + holding cost);

O Merging lemma: builds a smaller instance merging two periods when no
replenishment (&, =0) has been fixed in the second one. It is possible to
infer more inconsistent values using the smaller smaller instance to get a
further domain reduction for the original one;

O Upper bounds tightening: exploits the properties of a given partial
solution to tighten the UB for the replenishment cycles length or to rule out
those values related to replenishment cycles that are not in such solution.

Empirical results
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CP - approach
Q Stochastic programming model

Objective Function:
QO Minimize total expected cost - E[TC] = holding cost + ordering cost
min  E[TC]= i(aﬁ‘ +hi,)
=1
Decision Variables:
Q Place an order at period t > & 5 {08
Q Stocks level at period t > fez Ui}

Constraints: t=1..,N
0 no buy-back constraint
I +d -1.,2>0
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O service level constraint
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It enforces a buffer stock at the end of each replenishment cycle
such that the required service level is met

Q extension for stochastic lead-time - global chance-constraint
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Implemented using Java (JDK 1.5) and Choco (open source java solver)

Screenshots

Q The software developed has been selected as one of the four candidates
at ISA Award for The Most Commercially Viable Software 2006

0 By means of dedicated domain reduction techniques and cost-based
filtering methods we can now solve real world inventory problems over
a non-trivial planning horizon

0 We are able to optimize under multiple level of uncertainty: stochastic
demand and lead time

O Lucent Tech. is currently testing our software in its production planning
business unit
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