ABSTRACT

BANSAL, ANKIT. Coordinating Capacity Negotiations In The Semiconductor Industry. (Under
the direction of Prof. Reha Uzsoy.)

Successful management of product transitions in the semiconductor industry requires effec-
tive coordination of manufacturing and product development activities. Manufacturing units
(MFG) must meet demand for current products while also allocating capacity to product de-
velopment units (PDGs) for prototype fabrication that will support timely introduction of new
products into high-volume manufacturing. Knowledge of detailed operational constraints and
capabilities is only available within each unit, precluding the use of a centralized planning
model with complete information of all units. However, the decision support tools used by the
individual units offer the possibility of a decentralized decision framework that uses these local
models as components in order to rapidly obtain mutually acceptable, implementable solutions.

We present two Iterative Combinatorial Auction (ICA) frameworks based on LP duality
based Column Generation and Lagrangian Relaxation for coordinating factory capacity negoti-
ations between MFG and PDGs such that the total profit of the firm is maximized, where MFG
functions as the auctioneer and runs a market clearing algorithm in each iteration such that de-
mand and supply of factory capacity and product introduction time periods are balanced. We
show that if the PDGs incur a very large penalty for not procuring any factory capacity allocation
at auction termination, it is in their best interest to behave truthfully during the auction process.
Computational results show that the ICA that uses LP duality based Column Generation to up-
date prices outperforms that using subgradient search, obtaining near-optimal corporate profit
in low CPU times.

Building on this work, we assume that the Sales Marketing group functions as an auctioneer
that procures factory capacity from MFG and allocates it to PDGs while procuring product
introduction time periods from PDGs and allocating them to MFG. As the LP duality based

Column Generation solves a relaxation of the overall coordination problem, the columns it



identifies might be infeasible or suboptimal to the overall problem. Therefore, we emulate a
Column Generation based ICA using the Subadditive Duals of Mixed Integer Linear Program
(MILP) where the optimal dual solution of the Restricted Master Problem (RMP) is used to elicit
new bids from the agents. Computational results show that the proposed ICA outperforms the

LP duality based counterpart.
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Chapter 1

Introduction

Effective introduction of new products is an important competitive advantage in many indus-
tries (Padmanabhan, Rajiv, and Srinivasan, 1997; Levinthal and Purohit, 1989). A growing body
of research has addressed aspects of product transitions (Bilginer and Erhun, 2010; Billington,
Lee, and Tang, 1998; Lim and Tang, 2006) including capacity management under technolog-
ical uncertainty (Angelus and Porteus, 2002; Li, Graves, and Huh, 2014; Rajagopalan, Singh,
and Morton, 1998; Wu, Erkoc, and Karabuk, 2005), supply constraints (Ho, Savin, and Terwi-
esch, 2002), the impact of initial investment in design and process capacity and capabilities on
time-to-market and ramp-up-time of a new product (Carrillo and Franza, 2006; Wu, De Matta,
and Lowe, 2009), industry clockspeed (Carrillo, 2005; Druehl, Schmidt, and Souza, 2009;
Souza, Bayus, and Wagner, 2004) and cost structure (Souza, 2004). Liang, Cakanyildirim, and
Sethi (2014) examine the impact of strategic waiting by customers on the timing of the prod-
uct transition, while Klastorin and Tsai (2004) consider the interaction of pricing, timing and
product design in a competitive environment. Koca, Souza, and Druehl (2010) consider the im-
pact of pre-announcement of the transition on demand, and examine the effects of inventory
decisions and dynamic pricing. Li, Graves, and Rosenfeld (2010) study inventory planning de-
cisions during the transition when the new product may substitute for the old one. This work,

however, has two shortcomings:



1. It treats the firm as a single centralized decision maker. However, in practice the key
resource allocation decisions, as well as the domain knowledge and data required to make
them, are distributed among functional units, notably Manufacturing (MFG) and Product
Development Groups (PDGs), with different, potentially conflicting objectives. These
units, in turn, must negotiate with Corporate Management (CORP) for financial resources

to pursue their activities.

2. It treats product transitions as exceptions to routine operations, and in isolation from
products not involved in the transition. However, in industries with frequent product
transitions their management assumes a distinctly operational aspect, and new product
introductions can have significant negative impact on other products with which they

share resources.

Hence most of the literature addresses the problem using aggregate, stylized models with-
out explicitly considering the technological constraints or the resource allocation decisions
of the PDG and MFG units through which the product transition is realized (Ulrich and Ep-
pinger, 2016). In this work we seek a decentralized decision model that exploits the relations
between mathematical programming and game theory to develop an effective computational
scheme for managing product transitions.

Although the process by which new products move into volume production differs from
firm to firm, Figure 1.1 is representative of practice we have observed at several firms. Units
involved in product transitions include Corporate Management (CORP), several product line
organizations that each serve a specific market (e.g., microprocessors, mobile devices), and the
Manufacturing organization (MFG). Each product line (A, B and C in Figure 1.1) has its own
sales and marketing (S-MKT) group (e.g., S-MKT-A) and its own PDG (e.g., Product Line
A Engineering). CORP specifies sales (revenue) goals for all S-MKT groups and budgets for
MFG and PDGs.

Based on interaction with their markets and the sales goals issued by CORP, the product

line S-MKT units issue production orders to MFG for current products and specifications for
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Figure 1.1: Problem Environment with Material (solid) and Information Flows (dashed).

new products to their PDGs. PDGs design new products based on requests from their S-MKT
units, eventually requiring the fabrication of prototypes in MFG facilities. Once MFG makes
capacity available and prototypes have been produced, the PDG tests them, identifying prob-
lems and improving manufacturability and performance. Several cycles of prototype testing and
design repair may be required before the product is ready for high-volume production. In addi-
tion to these requests from the PDGs, MFG must also address requests from the S-MKT units
for products to fill current orders and build inventory positions for the future, generating the
revenue needed to operate the company. We stress that this is an ongoing, continuous process.
The large number of product transitions in a firm offering multiple product lines with multi-
ple manufacturing facilities precludes a “standard” response process; each situation requires
negotiation between groups and complex resource allocation decisions within each unit.

In this work we assume that S-MKT units have communicated demand forecasts for both
current and pending products to all groups. MFG must manage factory capacity while PDGs
must manage development activities such that new products are ready for introduction to vol-
ume manufacturing (ramp-up) in time to meet their market demand. Factory capacity allocated
to PDGs by MFG represents a sacrifice of short-term revenue, while if the PDGs cannot obtain
sufficient factory capacity from MFG to PDGs, new products may not be available in the mar-
ket when needed, leaving the firm vulnerable to competitors. Moreover, in the semiconductor
industry MFG and PDGs function as decentralized units with their own local objectives, tech-

nological and resource constraints, and considerable private information that is not available to



other groups. This decentralized nature of the decision making process results in the possibility
of individual units optimizing their own local objectives at the expense of the larger firm.

In Chapter 2, we review previous research work within the scope of this dissertation. In
Chapter 3, we present an Iterative Combinatorial Auction (ICA) framework (Parkes and Ungar,
2001) based on Column Generation and Lagrangian relaxation (Guta, 2003) for coordinating
factory capacity negotiations between MFG and PDGs such that the total profit of the firm
is maximized, where we assume that CORP and S-MKT have already made their decisions,
MFG functions as the auctioneer and runs a market clearing algorithm in each iteration such
that demand and supply of factory capacity and product introduction time periods are balanced.
Moreover, we show that if the PDGs incur a very large penalty for not procuring any factory
capacity allocation at auction termination, it is in their best interest to behave truthfully during
the auction process. This is definitely the case in the semiconductor industry, where substantial
revenue is required for an organizational unit to cover its high fixed costs. Specifically, we
show that our proposed ICA mechanism is Bayesian Incentive Compatible, i.e., it is in best
of every agent to behave truthfully in an auction provided other agents also behave truthfully
(Mas-Colell, Whinston, and Green, 1995).

Building on the work in Chapter 3, in Chapter 4 we assume that the Sales & Marketing (S-
MKT) group functions as an auctioneer, running a market clearing algorithm such that firm’s
overall profit is maximized. S-MKT procures factory capacity from MFG and allocates it to
PDGs while procuring product introduction time periods from PDGs and allocating them to
MFG. As the Column Generation based Iterative combinatorial Auction (CG-ICA) presented
in Chapter 3 solves a relaxation of the overall coordination problem, the columns it identifies
might be infeasible or suboptimal to the overall problem. Therefore, in Chapter 4 we emulate
a CG-ICA using the subadditive dual of the Mixed Integer Linear Program (MILP) (Guzelsoy
and Ralphs, 2007) where the optimal dual solution of the Restricted Master Problem (RMP) is
used to elicit new bids from the agents. This is in contrast with LP based Column Generation

where the optimal dual solution of the LP relaxation of the RMP is used as prices in the ICA.



In Chapters 3 and 4, we optimally solve a set packing problem in each iteration of the Itera-
tive Combinatorial Auction (ICA) as our market clearing rule to obtain a provisional allocation
of factory capacity and product introduction dates. However, since set packing problem is NP-
hard and ICA may consist of large number of iterations, solving a set packing problem optimally
in every iteration is computationally burdensome. Therefore, we propose Constraint Violation
Reduction Search (CVRS), a new primal heuristic for MILPs which we present in Chapter 5.
CVRS constructs a series of MILP subproblems by adding artificial variables representing the
amount by which each constraint is violated and minimizing their sum in the objective function.
A cutoff constraint added to each MILP subproblem ensures that the objective function value
of the original MILP problem improves at each iteration. If no integer feasible solution to the
MILP subproblem can be found, a neighborhood search is used to repair the infeasibility. We
test CVRS on 85 hard instances of Resource-Constrained Project Scheduling, Mixed Integer
Programming Library (MIPLIB) and Capacitated Warehouse Location, and compare its per-
formance to a recent neighborhood search based primal heuristic for MILP and CPLEX MILP

solver. We find that CVRS yields excellent results in terms of the primal integral metric.



Chapter 2

Literature Review

The work in this dissertation draws on four streams of research literature: combinatorial auc-
tions (2.1), distribution resource allocation (2.2), capacity coordination problems in semicon-
ductor manufacturing (2.3) and Primal heuristics for Mixed Integer Linear Programming Prob-

lem (MILP) (2.4).

2.1 Combinatorial Auctions

The field of mechanism design seeks efficient ways to allocate objects among multiple bidders.
Auctions are an important subclass of mechanisms under which agents offer bids reflecting
their valuation of a set of objects to an auctioneer, who then allocates the objects among the
bidders based on their bids (Narahari et al., 2009; Osborne and Rubinstein, 1990) to maximize
its objective. An auction mechanism thus consists of an allocation or market clearing rule
through which the auctioneer allocates objects to the bidders based on the bids submitted, and
a payment rule that determines what the bidders pay for the goods they receive (Abrache et
al., 2007; Mishra, 2010).

Combinatorial auctions (Cramton, Shoham, and Steinberg, 2007) involve a set S of m dis-
crete objects that are bid for by n bidders. Each bidder ¢ assigns a valuation v;(7") to each subset

T C S of objects, and submits bids for one or more subsets 7'. The auctioneer then solves a



Winner Determination Problem (WDP) that allocates objects to agents such that at most one bid
is accepted from each bidder while maximizing the auctioneer’s revenue (Abrache et al., 2007,
deVries and Vohra, 2003; Blumrosen and Nisan, 2007). Thus the solution to the WDP provides
the allocation or market clearing component of the auction mechanism. In the context of our
paper, the objective of the auctioneer is to maximize corporate profit over the planning horizon
of interest.

The WDP can be formulated as a weighted set packing problem, which is known to be
NP-hard (deVries and Vohra, 2003). Various exact and heuristic approaches for the WDP have
been proposed (Sandholm, 2002; Andersson, Tenhunen, and Ygge, 2000; Lehmann, Miiller,
and Sandholm, 2006). If there is no integrality gap between the WDP and its LP relaxation
(i.e., the WDP has the integrality property), the primal and dual solutions to the LP relaxation
of the WDP represent a Walrasian equilibrium of the allocation problem (Abrache et al., 2007).
Bikhchandani and Ostroy (2002) provide two extended formulations for the WDP that satisfy
the integrality property. However, these formulations require exponentially many variables and
constraints, rendering them impractical for combinatorial auctions involving divisible goods.
O’Neill et al. (2005) present an approach for calculating Competitive Equilibrium (CE) prices
for a general WDP formulation that may not satisfy the integrality property, assuming complete
sharing of information between the bidding agents and the auctioneer.

Iterative Combinatorial Auctions (ICAs) (Parkes and Ungar, 2001) mitigate these difficul-
ties by requiring each agent to reveal relevant private information incrementally over time. After
receiving bids at each iteration, the auctioneer computes a provisional allocation of the goods,
and communicates this, together with updated pricing information for each item, to the agents,
who then update their bids for the next iteration. The iterations continue until some termination
criterion is satisfied, at which point the current provisional allocations become final (deVries
and Vohra, 2003; Abrache et al., 2007).

Based on the information given by the auctioneer to the agents, an ICA can be classified as

quantity-setting or price-setting (Villahoz, Olmo Martinez, and Arauzo, 2010). In a quantity-



setting ICA, agents submit price bids for every possible bundle of items, based on which the
auctioneer provisionally allocates the objects. Agents adjust their bids for the next iteration
based on the provisional allocations in the current iteration. In a price-setting ICA, the auction-
eer provides the agents with minimum ask prices for each object or bundle. Agents submit bids
for one or more bundles of objects, whose value must exceed the minimum ask prices. The
auctioneer then uses these bids to make provisional allocations and adjust the prices of over-
and under-demanded objects or bundles for the next iteration. Under linear prices, the price of
a bundle is equal to the sum of the prices of the individual objects comprising the bundle; under
nonlinear prices, this is not the case (Mishra, 2010). Under anonymous prices, all agents pay
the same price for each object or bundle, while under nonanonymous prices different agents
can be charged different prices for the same object or bundle. In this paper, we model the ca-
pacity coordination problem between MFG and PDGs using a price-setting ICA whose linear
nonanonymous prices are updated at each iteration using Lagrangian relaxation or column gen-
eration. Following the literature, we assume that PDGs behave as price takers as in a clock
auction (Bichler, Shabalin, and Ziegler, 2013) and submit their desired set of bundles in each
period as bids.

Objects traded in an auction can be divisible or indivisible, while the participating agents
can be sellers, buyers or both. In this paper, new product delivery times are treated as indivis-
ible goods that MFG acquires from the PDGs. Factory capacity in each period is viewed as
a divisible good that PDGs acquire from MFG. Thus MFG acquires a bundle of new product
delivery times from PDGs, specifying when each new product will be ready for introduction to
manufacturing. In turn, each PDG acquires a bundle of capacity allocations, specifying the ca-
pacity allocated to them in each period. This introduces complementarities between the goods
for all units. Capacity allocation in a given period is only beneficial to a PDG if it can obtain
sufficient capacity in subsequent periods to complete development tasks and deliver the prod-
uct to MFG for introduction. Since all units act as both buyers and sellers, but bid for goods

with significant complementarities, the ICAs discussed in this paper are multilateral iterative



combinatorial auctions (Abrache et al., 2007).

Private information refers to information known only to the agents which the auctioneer
needs to compute an optimal allocation of the objects (Mas-Colell, Whinston, and Green, 1995).
Ideally, the auction’s payment rules should ensure that truthful revelation of agents’ private in-
formation becomes a dominant strategy, i.e., not revealing private information truthfully results
in suboptimal results for the agent (Abrache et al., 2007). For example, in Generalized Vick-
ery Auctions (GVA) (Narahari, 2014; Parkes, 2001), each agent submits a bid for every subset
S C T of goods and the optimal solution to the WDP is used as an allocation rule. Each agent
pays the marginal contribution of his participation to the payoffs of all agents except himself,
and no agent can do better by giving untruthful information to the auctioneer. However, this ap-
proach can be difficult to implement since both the individual agents’ valuation problems (the
problem each agent must solve to derive their bids) and the WDP may be NP-hard (deVries
and Vohra, 2003; Abrache et al., 2007). Moreover, agents may be unwilling or unable to reveal
their private information required by the auctioneer in the allocation rule due to confidential-
ity restrictions, uncertainty or difficulty in devising valuation functions (Abrache et al., 2007,
Abrache et al., 2013; Abrache et al., 2014).

Incentive compatibility is a very strong property that motivates agents to truthfully reveal
their private information irrespective of other agents’ behavior (Narahari, 2014). The Gener-
alized Vickery Auction (GVA) is the most famous incentive compatible combinatorial auction
mechanism (Parkes, 2001). Gul and Stacchetti (1999); Ausubel (2006); Parkes (2001); Vries,
Schummer, and Vohra (2007) propose ICA mechanisms that result in the same outcome as a
sealed bid GVA under different assumptions on bidder valuations. Mishra and Parkes (2007) de-
velop the price tatonnement process for general bidder valuations and prove it to be necessary
and sufficient for an ascending price ICA to yield GVA outcomes on termination. However,
they assume that each agent will truthfully reveal her private information and require several
WDPs to be solved optimally solved in each iteration, which might be computationally expen-

sive. Ausubel and Milgrom (2006) shows that the GVA auction loses its incentive compatible



properties if agents have budget constraints, while Lavi (2007) argues that implementing incen-
tive compatible mechanisms can be computationally expensive. Considering these difficulties,
we do not seek incentive compatibility, but instead prove that our proposed ICA mechanism
is Bayesian Incentive Compatible under modest assumptions, such that it is in the best interest
of each agent to truthfully reveal her private information provided other agents also truthfully

reveal theirs (Mas-Colell, Whinston, and Green, 1995).

2.2 Distributed resource allocation approaches

Bidding mechanisms for distributed resource allocation have been studied in a number of con-
texts, notably in the area of machine scheduling. Toptal and Sabuncuoglu (2014) provide an
extensive review of this body of work, while Adhau, Mittal, and Mittal (2012); Adhau, Mittal,
and Mittal (2013) apply similar ideas to the problem of distributed project scheduling. Ku-
tanoglu and Wu (1999) were among the first to use the subgradient algorithm to update prices
in a price-setting ICA for distributed job-shop scheduling problems. They note that the sub-
gradient algorithm can be viewed as an ICA with a different price taitonnement from the well-
known ascending price tatonnement (Ausubel and Milgrom, 2002; Ausubel, 2004; Mishra and
Parkes, 2007). At each iteration, the subgradient algorithm penalizes the violation of market
clearing constraints by updating prices to discourage demand conflicts between agents. deVries
and Vohra (2003) interpret several well-known ICAs such as iBundle (Parkes, 2001) and RAD
(Kwasnica et al., 2005) in the context of the subgradient algorithm. Abrache et al. (2013) study
an ICA for multilateral procurement using Lagrangian relaxation and the subgradient algorithm.
They consider only divisible objects and assume that the production cost functions and valua-
tion functions of sellers and buyers, respectively, are continuous, convex/concave (seller/buyer)
and monotonically increasing. These properties of the production cost and valuation functions
ensure that the strong duality property holds for the Lagrangian dual. Thus, the allocation and

prices devised by the sub-gradient method are market clearing and form a Walrasian equilib-

10



rium. However, they do not discuss the incentive compatibility of their mechanism, effectively
assuming truthful communication of all necessary information between the auctioneer and the
agents.

Dietrich and Forrest (2002) introduce the use of Column Generation (CG) in combinato-
rial auctions. Their work is extended by Giinliik, Ladanyi, and De Vries (2005), who propose
a Branch and Price framework focused on FCC spectrum auctions. They reduce the commu-
nication complexity of the auction through the application of an XOR-of-OR bidding language
but do not discuss the complexity of emulating an Iterative Combinatorial Auction through a
branch and bound algorithm. They also omit the economic interpretation of their threshold pa-
rameter which we economically interpret in Section 3.4 as a provisional budget allocated to the

PDGs at each iteration of the ICA.

2.3 Capacity Coordination Problems in Semiconductor Man-
ufacturing

Several authors have applied mechanism design to capacity coordination in the semiconduc-
tor industry. Mallik and Harker (2004) and Mallik (2007) consider a semiconductor firm with
multiple product line Sales and Marketing (S-MKT) units who each request factory capacity for
their products from MFG. The authors design a rule to allocate capacity among products and
a bonus scheme to ensure that all participants provide truthful information. They show that a
bonus is required for truthful reporting from MFG but not for S-MKT. Karabuk and Wu (2005);
Erkoc and Wu (2005); Jin and Wu (2007) address similar problems in the context of capacity
reservations, where a S-MKT unit must reserve manufacturing capacity from MFG under un-
certain demand. All these mechanisms seek to establish allocation rules and payment policies
that will yield the same total profit as a centralized solution with complete information without
resorting to auctions. However, the derivation of such mechanisms is extremely difficult in the

face of the complex operational constraints encountered in our problem.
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Karabuk and Wu (2002); Karabuk and Wu (2003) consider capacity planning under demand
and yield uncertainty with two units involved in the capacity planning process: S-MKT seeks to
maximize revenue and MFG to minimize costs. They develop multistage stochastic program-
ming models for each unit and integrate these into a single formulation that forces the first stage
decisions of both models to be the same, but point out this would require the two departments
to reveal private information, which is unlikely. They then decompose this model into separate
S-MKT and MFG models and develop a price-based coordinated solution.

In summary, while iterative combinatorial auctions have proven to be a useful and compu-
tationally efficient tool for a variety of resource allocation problems, they have not been applied
extensively to the problem of coordinating autonomous MFG and PDG units to manage product
transitions in the face of complex operational constraints and decentralized information. Direct
design of mechanisms through characterization of equilibrium solutions is difficult for this en-
vironment in which the valuation problems of the units, particularly the PDGs, are NP-hard and
involve significant complementarities. Although the subgradient algorithm has been used as an
alternative to the well-known ascending price auction, it provides the auctioneer with limited
information on the valuation of goods by the agents, potentially slowing the rate of convergence
to a market clearing solution.

We propose an approach for coordinating factory capacity negotiations between MFG and

PDGs in the semiconductor industry with following properties:

1. We solve a multi-period capacity coordination problem between MFG, responsible for
efficient utilization of factory capacity and PDGs, who are responsible for the design and

development of new products.

2. We model the problem as a Multilateral Iterative Combinatorial Auction (ICA) approach

based on Lagrangian relaxation, Column Generation and Subaddtive Duals of MILP.

3. In Chapter 3 and Chapter 4, the proposed ICA sells indivisible goods from PDGs to MFG

(new product introduction time periods) and multiple divisible goods from MFG to PDGs
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(factory capacity in each period).

4. The WDP is used as an allocation or market clearing rule with the objective of maximiz-
ing firm’s profit over a finite planning horizon in Chapter 3 and maximizing the number

of PDGs for which a bid is selected in Chapter 4.

5. Prices are nonlinear and nonanonymous.

2.4 Primal Heuristics For Mixed Integer Linear Program-
ming

Heuristics for MILP problems can be classified into generic metaheuristic techniques such as
Genetic Algorithms, Simulated Annealing, Tabu Search etc. (Blum and Roli, 2003; Blum et
al., 2011) and Math Programming based heuristics that construct near optimal integer feasible
solutions by truncation or relaxation of Math Programming techniques such as the Simplex
Algorithm or Branch & Bound.

Fischetti and Lodi (2011) broadly classify Math Programming based heuristics for MILPs
into LP-Based and MILP-Based heuristics. The former seek to approximately solve the MILP
problem M1 by solving a series of linear programming (LP) problems using a generic LP solver,
while MILP-Based heuristics solve a series of MILP problems or subproblems using a generic
MILP solver. Berthold and Hendel (2015) further classify heuristics for MILP problems as
‘Start Heuristics” and ‘Improvement Heuristics’. The objective of a ‘Start Heuristic’ is to find
an integer feasible solution for a MILP problem while an ‘Improvement Heuristic’ seeks a
solution with improved objective function value starting from an initial integer feasible solu-
tion. Table 2.1 summarizes several Math Programming based heuristics. More detailed surveys
of Math Programming based heuristics for 0-1 MILP problems are given by Berthold (2006),
Fischetti and Lodi (2011) and Hanafi and Todosijevi¢ (2017). Constraint Violation Reduction

Search (CVRS), presented in Chapter 5, is a MILP-Based Heuristic that requires only an upper
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Table 2.1: Various Math Programming Based Heuristics for 0-1 MIP

Classification Algorithms

LP-Based Start Heuristics Pivot & Complement (Balas and Mar-
tin, 1980),0CTANE (Balas et al., 2001), Feasi-
bility Pump (Fischetti, Glover, and Lodi, 2005),
Pivot, Cut & Dive (Eckstein and Nediak, 2007),
Shift & Propagate (Berthold and Hendel, 2015),
Objective Feasibility Pump (Achterberg and
Berthold, 2007)

MILP-Based Start Heuristics Local Branching (Fischetti and Lodi, 2003),
Relaxation Enforced Neighborhood Search
(Berthold, 2007)

MILP-Based Improvement Heuristic | Local Branching (Fischetti and Lodi, 2003), Re-
laxation Induced Neighborhood Search (Danna,
Rothberg, and Le Pape, 2005), Proximity Search
(Fischetti and Monaci, 2014)

bound on the optimal objective function value of M1 to initialize and thus can be used as a Start
Heuristic without constraint (5.7). The inclusion of the cutoff constraint (5.7) ensures a cost im-
proving integer feasible solution at each iteration, allowing CVRS to serve as an Improvement
Heuristic. In this dissertation we focus on the performance of CVRS in the improvement role.

Local Branching (Fischetti and Lodi, 2003), Relaxation Enforced Neighborhood Search
(RENS) (Berthold, 2007), Relaxation Induced Neighborhood Search (RINS) (Danna, Rothberg,
and Le Pape, 2005) and Proximity Search (Fischetti and Monaci, 2014) are four MILP-Based
heuristics that feature prominently in the literature. Each of these proposes a distinct neigh-
borhood search framework around an incumbent integer feasible solution or optimal fractional
solution to the LP relaxation. RENS and RINS use variable fixing as their neighborhood search
framework. RENS fixes the integer constrained variables that receive integer values in the op-
timal LP fractional solution and runs a Large Neighborhood Search (LNS) (Ahuja et al., 2002)
over the remaining integer constrained variables to obtain the best integer solution based on
rounding the optimal fractional solution. RINS fixes the values of the integer variables that
take the same values in both the optimal LP fractional solution and the incumbent integer fea-
sible solution and adds constraint (5.7), generating a MILP subproblem that searches for an

improved integer feasible solution.
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Local Branching and Proximity Search use the Hamming distance to define a neighborhood
around an incumbent MILP feasible solution. The Hamming distance between two 0-1 integer

solutions x, 7 € Z" is given by:

N N
Sz, @)= > aj+ Y (l—ux)) (2.1)
j=1:2;=0 j=liz;=1
Local Branching keeps the objective function of the MILP unaltered while searching in a
k-neighborhood of the existing integer feasible solution z, defined by adding the constraint
d(z,Z) < k to the original model. This k-neighborhood search scheme is incorporated in a
branching framework that solves a series of MILP subproblems to obtain an improved inte-
ger feasible solution. Proximity Search, regarded as the dual of Local Branching, explores the
neighborhood of the incumbent MILP feasible solution by replacing the objective function with
d(z, ) and adding constraint (5.7) to the model. Proximity Search solves a series of MILP sub-
problems whose difficulty is regulated by the value of # to obtain a series of cost improving
integer feasible solutions.

While CVRS uses the same cutoff constraint (5.7) as PS and RINS to ensure a cost improv-
ing integer feasible solution in each iteration, there are two major differences between CVRS
and these MILP-based 0-1 heuristics. First, instead of using a neighborhood search framework,
CVRS relaxes all constraints by adding artificial variables while minimizing their sum. This
allows CVRS to search for an improved integer solution over a different search space than that
defined in a neighborhood based framework. Second, if the MILP subproblem doesn’t yield
an optimal solution with zero objective function value within an imposed time limit, the final
solution of the subproblem is infeasible to M 1. In this situation, either the final solution to the
subproblem is optimal and M1 is infeasible for the set values of 6 and 7, requiring that these val-
ues be modified, or CVRS runs a neighborhood search around the final solution of subproblem
to repair the infeasibility. As in Proximity Search, the stepsize parameter 6 is used to regulate

the difficulty of the MILP subproblems.
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Fischetti and Lodi (2008) use the idea of minimizing constraint violations for repairing
infeasibility of an integer solution by solving a slightly different version of M2 using Local
Branching. The FEASOPT subroutine in the CPLEX optimization studio (https://www.ibm.
com/support/knowledgecenter/SSSASP_12.6.0/ilog.odms.cplex.help/refcppcplex/
html/feasopt.html) and the GRBfeasrelax subroutine in the Gurobi Optimizer (http://
www.gurobi.com/documentation/7.5/refman/c_grbfeasrelax.html) take an infeasi-
ble MILP solution as input and solve the MILP subproblem M2 without the cutoff constraint
(5.7) to determine the minimum relaxations of the constraints and variable bounds required to
achieve feasibility. In contrast, CVRS takes a MILP of the form M1 as input and iteratively
solves a sequence of MILPs of the form M2 to obtain a sequence of feasible, improving solu-
tions to M1.

The Alternating Criteria Search(ACS) heuristic of Munguia et al. (2016) also seeks to min-
imize the constraint violations in MILP subproblems and is initialized with an integer solu-
tion that may be infeasible. Each iteration involves two subproblems formulated for different
neighborhoods of the incumbent integer solution. Problem 1 searches for integer solutions with
minimum constraint violation in a neighborhood of the incumbent integer solution using the ob-
jective function (5.5) with no consideration of the original objective function of M1. Problem
2 solves a MILP optimizing the original objective function of M1 with the same constraints
as Problem 1, adding a constraint ensuring that the total constraint violation is less than that
obtained in Problem 1. In each iteration, different neighborhoods of the incumbent integer so-
lution, characterized by fixing different sets of integer variables to their values in the incumbent
integer solution, are explored using a parallel implementation. In contrast, CVRS proceeds by
relaxing the MILP subproblems with artificial variables and solving a single MILP subproblem.
While ACS alternates between improving feasibility and objective function value, CVRS does
both simultaneously. Moreover, ACS requires an initial integer solution, while CVRS can be

initialized with only an upper bound on the optimal objective function value.
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Chapter 3

Combinatorial Auction Design for
Coordinating Capacity Negotiations in

Semiconductor Industry

3.1 Introduction

In this chapter, we study a simplified version of the problem where decisions by both CORP and
S-MKT have been taken. CORP has specified the resources available to MFG and the PDGs,
while the S-MKT units have communicated demand forecasts for both current and pending
products to all groups. MFG must manage factory capacity to maximize the firm’s profit over a
finite planning horizon, while PDGs must manage development activities such that new prod-
ucts are ready for introduction to volume manufacturing (ramp-up) in time to meet their market
demand. Factory capacity allocated to PDGs by MFG represents a sacrifice of short-term rev-
enue, while if the PDGs cannot obtain sufficient factory capacity from MFG to PDGs, new
products may not be available in the market when needed, leaving the firm vulnerable to com-
petition. Moreover, in the semiconductor industry MFG and PDGs function as decentralized

units with their own local objectives, technological and resource constraints, and considerable
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private information that is not available to other groups. This decentralized nature of the de-
cision making process results in the possibility of individual units optimizing their own local
objectives at the expense of the larger firm. Thus, there is a need for a factory capacity co-
ordination mechanism between the two such that overall profit of the company is maximized.

We propose two Iterative Combinatorial Auction (ICA) frameworks (Parkes and Ungar, 2001)
for coordinating decisions between MFG and PDGs. MFG auctions bundles of factory capac-
ity, consisting of specific amounts of capacity in each period in the planning horizon, to the
PDGs who, in turn, receive incentive payments from MFG for having new products ready for
volume production at specific times. MFG functions as the auctioneer, running a market clear-
ing algorithm in each iteration to ensure that the decisions of MFG and the PDGs are consistent
with each other, i.e., implementable, and satisfy all operational constraints for all groups con-
cerned, while seeking to maximize the firm’s profit over the planning horizon. We shall refer to
such solutions as coordinated solutions in this chapter, recognizing that our approaches do not
guarantee maximization of profit and hence are approximate in nature. An important feature of
our ICA approaches is the solicitation of multiple bids from each unit in each iteration of the
ICA, not just the bid that maximizes the unit’s local objective. Allowing each unit to commu-
nicate not just its best solution, but a range of solutions provides the auctioneer much greater
flexibility in constructing solutions that yield high profit for the firm, as opposed to the local
objectives of individual units. Moreover, we show that if the PDGs incur a very large penalty
for not procuring any factory capacity allocation at auction termination, it is in their best interest
to behave truthfully during the auction process. This is definitely the case in the semiconduc-
tor industry, where substantial revenue is required to cover very high fixed costs. While the
semiconductor industry serves as our prime motivating example and testbed, the problem we
address is of broad significance and arises in many other industries.

The remainder of this chapter is organized as follows: Section 3.2 gives a centralized, mono-
lithic formulation of the problem, which we use to derive the two ICA frameworks presented in

Sections 3.3 and 3.4. Section 3.5 presents computational experiments and results, while Section
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3.6 concludes the chapter with a discussion of our principal findings and some directions for

future work.

3.1.1 Capacity Coordination Problems in Semiconductor Manufacturing

Several authors have applied mechanism design to capacity coordination in the semiconduc-
tor industry. Mallik and Harker (2004) and Mallik (2007) consider a semiconductor firm with
multiple product line Sales and Marketing (S-MKT) units who each request factory capacity for
their products from MFG. The authors design a rule to allocate capacity among products and
a bonus scheme to ensure that all participants provide truthful information. They show that a
bonus is required for truthful reporting from MFG but not for S-MKT. Karabuk and Wu (2005);
Erkoc and Wu (2005); Jin and Wu (2007) address similar problems in the context of capacity
reservations, where a S-MKT unit must reserve manufacturing capacity from MFG under un-
certain demand. All these mechanisms seek to establish allocation rules and payment policies
that will yield the same total profit as a centralized solution with complete information without
resorting to auctions. However, the derivation of such mechanisms is extremely difficult in the
face of the complex operational constraints encountered in our problem.

Karabuk and Wu (2002); Karabuk and Wu (2003) consider capacity planning under demand
and yield uncertainty with two units involved in the capacity planning process: S-MKT seeks to
maximize revenue and MFG to minimize costs. They develop multistage stochastic program-
ming models for each unit and integrate these into a single formulation that forces the first stage
decisions of both models to be the same, but point out this would require the two departments
to reveal private information, which is unlikely. They then decompose this model into separate
S-MKT and MFG models and develop a price-based coordinated solution.

In summary, while iterative combinatorial auctions have proven to be a useful and compu-
tationally efficient tool for a variety of resource allocation problems, they have not been applied
extensively to the problem of coordinating autonomous MFG and PDG units to manage product

transitions in the face of complex operational constraints and decentralized information. Direct
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design of mechanisms through characterization of equilibrium solutions is difficult for this en-
vironment in which the valuation problems of the units, particularly the PDGs, are NP-hard and
involve significant complementarities. Although the subgradient algorithm has been used as an
alternative to the well-known ascending price auction, it provides the auctioneer with limited
information on the valuation of goods by the agents, potentially slowing the rate of convergence
to a market clearing solution.

In this chapter we propose two related ICA frameworks for the problem of managing prod-
uct transitions in a decentralized environment. The first of these uses Lagrangian relaxation of
the market clearing constraints to develop an ICA that uses the subgradient algorithm to update
prices, similar to the approach of Kutanoglu and Wu (1999) for job shop scheduling. Our sec-
ond approach applies the ideas of Giinliik, Ladanyi, and De Vries (2005) to develop a column

generation based ICA with markedly superior computational performance.

3.2 Centralized Formulation under Complete Information

We begin by formulating a centralized decision model under complete information. Such a
centralized formulation is not a viable solution approach as MFG has no knowledge of the
constraints faced by the PDGs, which we consider as their private information, but we present
it to motivate the different price tatonnements used in our ICAs.

We consider a finite planning horizon of discrete periods ¢ = 1,...,7T. Let I denote the
index set of the PDGs and P; the set of products under development by PDG;,i € I. We
express factory capacity as the maximum number of wafers that can be manufactured in each
period and assume it to be known by both MFG and the PDGs. We can then state the problem

as follows, without as yet describing the local constraints of the MFG and PDG units in detail:

(C1) Max Total Contribution (3.1

subject to
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Table 3.1: Parameters and Decision Variables for Total Contribution and MFG Constraints

Parameters Description
T Duration of Planning Horizon
I Index set of PDGs
P; Set of all products under development with PDG;
N Total number of Products (Old products + New Products)
Dy Demand forecast for product ¢ in period ¢
Tt Per unit revenue of product ¢ in period ¢
bis Per unit backordering cost of product ¢ in period ¢
hi Per unit inventory holding cost of product ¢ in period ¢
Tit Release cost of product ¢ in period ¢.
Cy Factory Capacity in period ¢
Decision Variables Description
U, Total inventory of product ¢ in period ¢
B Total backorders of product 7 in period ¢
Qit Fraction of factory capacity released for product ¢ in period ¢
Qi Fraction of factory capacity allocated to PDG; in period ¢
Qi Fraction of factory capacity used by P DG in period ¢

Table 3.2: Parameters and Decision Variables for P D(G; Constraints

Parameters Description
R Total number of resources with resource R being factory capacity
5p Total number of stages in the development process of product p € P,
E. Capacity of resource r in period ¢
Kpp Total amount of resource r required for the completion of stage s, of product p
Decision Variables Description
H;;’t Fraction of capacity of resource r allocated to stage s, product p in period ¢
z;§’ binary variable equal to 1 if stage s,, of product p is active in period ¢ and 0 otherwise

MFG Constraints

PDG,; Constraints Vi € 1

th S ypt

VpeP, icl, t=1,...,T

&Ztﬁdlt VZEI, tzl,,T

th)a‘itaaite[oalL ypte{()?l} vpepia ie[) t:177T

(3.2)
(3.3)
(3.4)
(3.5)

(3.6)

In this model @),; denotes the fraction of available factory capacity allocated by MFG for

manufacturing product p in period ¢, y,; is a binary variable taking the value of 1 if product p is
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ready to be manufactured (i.e., has completed all its development activities) by period ¢ and 0
otherwise, a;; is the fraction of factory capacity used by PDG; in period ¢ and a;; the fraction
of factory capacity allocated to P DG in period ¢t. The notation used in the models is given in
Table 3.1.

The objective (3.1) maximizes the firm’s total contribution (revenue - variable costs) over

the planning horizon, given by

N T
> [ (Da + Big—1) — Bit) — hatUsr — rQisCr — biy Bz

i=1 t=1

Constraints (3.4) ensure that MFG only manufactures a product when its development is com-
plete, while (3.5) ensure that the capacity used by each PDG in each period does not exceed its
allocation. These constraints balance the supply and demand of factory capacity and new prod-
uct introduction time periods, and serve as market clearing constraints in our ICAs. We assume
that S-MKT has provided demand forecasts for products under development. Manufacturing
costs include inventory holding, backordering and silicon wafer release (material) costs; for
simplicity we assume that any unsatisfied demand can be backordered. The MFG constraints

arc:

Uit — Ui,t—l +Q’it0t - (Dit+Bi,t—1 _Blt) V'L — 1,N t — 1,...,T (37)

N

Y Qut+Y an<l Vi=1,...T (3.8)
i=1 el

UZthtZO Vz:l,,N tzl,,T (39)

th,dltE[O,l], VpGR, ZE[, tzl,,T

Constraints (3.7) are inventory balance constraints and (3.8) the factory capacity constraints for
each period. These constraints are typical of most production planning problems (Missbauer
and Uzsoy, 2011; Vo3 and Woodruff, 2006). Clearly much more complex formulations of the

manufacturing problem are possible, but these constraints capture the essence of our problem:
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Stage 1 Stage 2 Stage n

i

Figure 3.1: Product Development Process in Semiconductor Industry

Design Design

Prototyp
Fab.

the need to allocate limited factory capacity among revenue generating products and prototype
fabrication for the PDGs which reduces short-term revenue, but is essential to maintaining a

viable future revenue stream.

3.2.1 PDG,; Constraints

To describe the constraints for each P DG, we propose a simplified model of the product devel-
opment process in the semiconductor industry, which proceeds in a series of design-test-refine
cycles. The development of a particular device consists of a series of stages, each consisting
of a number of subtasks linked by linear precedence constraints as shown in Figure 3.1. Each
stage except the last spans three planning time periods and involves engineering work carried
out by the PDG in first two periods, followed by fabrication of prototypes incorporating this
design work in the third period. The engineering work requires specified amounts of engineer-
ing resources from the PDG involved. The second task within each stage involves the release of
a number of engineering lots into the factory for prototype fabrication. The last stage requires
only engineering resources for final verification of the prototypes produced in the previous
stage and spans just one time period. Once a stage is started, the PDG must complete it due to
the inefficiencies associated with reallocating resources between projects in progress. A prod-
uct is considered ready for release to manufacturing only when its last development stage is
completed. Table 3.2 describes all parameters and decision variables for the P DG; constraints.
While more detailed constraints can clearly be added, this simple structure is sufficient to al-
low us to explore the feasibility of decentralized procedures. The specific PDG; constraints

we consider are:
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ZZPH;ftﬁl r=1,....,R t=1,...,T (3.10)

peEP; sp=1

H;ftgz;f Vpe P, s,=1,...,5, r=1,...,R t=1,...,T (3.11)
Hp <20, YpeP s=1,...,5-1 r=1,...,R—1 t=1,...,T—-1
(3.12)
Hp, <1—20 .  Ypebl s=1,...,5—-1 t=1,...,T-1 (3.13)
T
> EsHp>Kp  VpeP s,=1,...,5 r=1,... R (3.14)
t=1
T
d zp=3 VYpeP s=1,...5-1 (3.15)
t=1
T —
mr=1 VpePR (3.16)
t=1
1t72
—z;’(’tfl)+z;f+¥ zpp <1 Vpe P, s,=1,...,5,—1 t=3,...,7 (3.17)
=1
t—1
G <Y ozt WpePl s,=2,...,5 t=2..T (3.18)
T=1
d gp <l Vpel t=1,....T (3.19)
sp=1
T
Y= Apzp VpePit=1,...,T (3.20)
=1
5p—1
ap=Y_ > Hp, Vt=1,.T (3.21)
pEP; sp=1

2re {01}, H

e €[0,1] Vpe P, s,=1,...,5, -1, r=1,...,R, t=1,....,T

(3.22)

Constraints (3.10) are the resource capacity constraints. Constraints (3.11) ensure that re-
sources are allocated to a stage only when that stage is active, and (3.12) that engineering
resources are allocated in the first two periods of a stage. Constraints (3.13) ensure that fac-

tory capacity is allocated only in last period of a stage, while (3.14) ensure that all stages of
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all products in P; are allocated their required resources during the time horizon. Constraints
(3.15) and (3.16) ensure that all stages except the last one span 3 time periods and the last stage
spans only one. Constraints (3.17) ensure that once P DG starts working on a stage it must be
completed, while (3.18) and (3.19) establish linear precedence constraints between the stages.
Lastly, constraints (3.20) and (3.21) link the P DG, subproblem to the centralized formulation
(C1), where A is a T' x T lower triangular matrix with all non-zero components equal to 1.
The resource capacity constraint (3.10) and project scheduling constraints (3.11) - (3.21) make
the PDG; subproblem a special case of the strongly NP-hard Multiple Resource Constrained
Project Scheduling Problem (Kolisch, Sprecher, and Drexl, 1995). This is again representative
of the type of problem that must be solved by a PDG; clearly more detailed, domain-specific

constraints may be added.

3.3 A Lagrangian Relaxation based Iterative Combinatorial

Auction (LR-ICA)

We now present a Lagrangian relaxation based ICA framework in which MFG takes the role of
auctioneer, while the PDGs behave as utility maximizing rational agents who follow a myopic
best response policy (Parkes, 2001), seeking to maximize the value of their allocation in the
current iteration without considering future iterations. The subgradient algorithm obtained by
Lagrangian relaxation of the market clearing constraints serves as the auctioneer’s (MFG’s)
price updating scheme at each iteration of this ICA.

Relaxing the market clearing constraints (3.4) and (3.5) with associated Lagrange multi-

pliers By, p € B, i€ I, t =1,...,Tand \yt, Vi € I, t = 1,...,T, we obtain the
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Lagrangian problem (L1):

(L1) Max (Total Contribution) + > > "> B,(y — Qu)

t=1 iel peh;

. (3.23)
+ Z Z Ait(@ir — ait)

t=1 el
subject to
MFG Constraints (3.24)
PDG; Constraints Vi € 1 (3.25)

Qpt, Git, 4 € [0,1], yr € {0,1} Vpe P, iel, t=1,...,T (3.26)
The associated Lagrangian Dual Problem (LD1) can then be written as:

T T
(LD1) )\l\/éi>no {Max (Total Contribution + > >~ > " Bu (ypr — Qpe) + > > Xt (@it — &it))] (3.27)

t=1 i€l peP; t=1 iel

subject to

MFG Constraints (3.28)
PDG,; Constraints Vi € I (3.29)
Qpt, Git,ai € [0,1], ype € {0,1} Vpe P, i€l, t=1,...,T (3.30)

The Lagrange multipliers \;; may be viewed as the price P DG; must pay MFG for a unit
of factory capacity in period ¢. Similarly, 3,; can be viewed as the incentive MFG must pay
PDG; to complete the development of product p € P, in period ¢ so that MFG can move it into
volume manufacturing and generate revenue.

The Lagrangian problem (L1) can be decomposed into |I|+1 independent subproblems,
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one for MFG and one for each of the || PDGs as shown in (L2) and (L3) below:

T T
(L2) MFG subproblem  Max Total Contribution + Z Z NitQip — Z Z Z BptQpt

t=1 el t=1 iel peP;

(3.31)
MFG Constraints

Qu.ax €[0,1], Vpe P, i€l t=1,....T (3.32)

T T
(L3) Vi€l PDG; subproblem Max — Y Nudu+ > > Bubp (3.33)
t=1

t=1 pePi

PDG,; Constraints Vi € 1

i €[0,1] yp € {0,1} Vpe P, t=1,....T

In subproblem (L2), MFG maximizes its total contribution, given by its sales revenue from
meeting demand and its income from allocating factory capacity to the PDGs, minus the costs
it incurs in meeting demands and the incentives it pays the PDGs to complete the development
of new products. In subproblem (L3), each P D(G; maximizes its contribution, given by the dif-
ference between the incentives it receives from MFG for making products available for volume
manufacturing and its payments to MFG to obtain the factory capacity necessary to complete
the development activities. The solution to the Lagrangian Dual problem (LD1) gives an upper
bound on the optimal value of (C1), which is at least as good as the optimal cost of the cor-
responding LP relaxation. We solve the Lagrangian Dual problem (LD1) using the Deflected
Sub-gradient Method (DSM), a variant of the Sub-gradient method with faster convergence that
ensures that there is always an acute angle between the subgradients in consecutive iterations

(Guta, 2003).
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We define a feasible capacity allocation schedule for PDG; as a tuple

where the vector (a;),_,  denotes the factory capacity required by PDG; in each period

t to complete the development of all products p € F; by period ¢* such that y,;, = ¥,; =
1 Vt > t* and constraints (3.10) - (3.22) are satisfied. We define a bid from P DG; as a capacity
allocation schedule that is feasible for its subproblem (L3). Each bid gives the auctioneer some
understanding of the capabilities of the PDGs (their private information), indicating their ability
to commit to the capacity allocation schedule contained in the bid; it is reasonable to assume that
PDGs can only commit to a capacity allocation schedule that is feasible to their subproblems
(L3). Henceforth the capability of a PDGs implies their capability to commit to a capacity
allocation schedule. The LR-ICA framework derived from the DSM algorithm is shown in
Figure 3.2.

The auctioneer (MFQG) initiates the auction by providing all agents with initial values of
the Lagrange multipliers, i.e., the price MFG charges the PDGs for capacity in each period,
and the incentive MFG is willing to pay each PDG for completing development activities for
its products at times desirable to MFG. During the k" iteration, in Step la, the auctioneer
communicates the current values of the Lagrange multipliers to each P DG;, who, in Step 1b,
solve their subproblem (L3) and calculate a set of bids S¥. At this stage of the procedure, a given
PDG; may submit a subset S¥ C S¥ as their bid set instead of S* to procure an allocation with
higher local contribution (3.33) than it might be able to obtain if it submitted all of them. A
trivial example of such an approach is for each PDG to submit only the solution that maximizes
its local objective (3.33), which from the perspective of the auctioneer amounts to declaring all
other bids infeasible.

To address this issue, we assume that the auctioneer retains all the bids from previous iter-

ations and solves a Winner Determination Problem (WDP) in Step 2 to select at most one bid
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Figure 3.2: ICA framework based on Lagrangian relaxation
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from among those submitted by each PDG over the entire duration of the auction up to that

iteration. Let S¥ = f=1. .k S’Zf 1.e., the union of all bids submitted by P DG; up to and includ-

ing iteration k. The WDP gives a feasible solution to (C1), yielding a lower bound on (3.1) as
well as a provisional allocation of factory capacity to the PDGs and provisional new product

introduction times to MFG. In Step 3a, MFG solves its subproblem (L2) for the optimal values

of Q% and a¥, and in Step 3b and updates the Lagrange multipliers[\*, "] " in the k" iteration

per the DSM as follows:
KT gk—1
& = {—Tﬁd)k—lw if (s%)"d*'<0, 0 otherwise} (3.34)
d* = s*  oFd" 1 (3.35)
UBF — LF
k
V= e (3.36)
[
[/\k-i-l’ BHI}T — max {07 [)\k7 Bk]T + dek} (3.37)

whered’ = 0,0 < 7<2,0< pu, <1,U BF is the optimal value of the Lagrangian subproblem
(L1), L* the best lower bound found for (3.1) and the subgradient s* = [ [C_Lk — &k} g , [yk — Q’“} T] !
in the k' iteration. a*, a*, Q¥ y* are the optimal values of the decision variables a;;, Git, Qpt, Ypt

Vi € I,p € P;,t = 1,...,T in the optimal solution of the Lagrangian problem in the k'" it-
eration of DSM. Following Caprara, Fischetti, and Toth (1999), we set 7 = 1.5 and update ji;,
according to Algorithm 1 in our computational experiments.

If the termination criteria in Step 4 are not satisfied, the algorithm returns to Step 1. Oth-
erwise the auction terminates and the most recent provisional capacity allocations and new
product completion time periods become final allocations. The auction terminates when either
the total number of iterations or computational time exceed a predefined limit or if the duality
gaps falls below a predefined value.

The WDP solved in the £ iteration of DSM is formulated as a set packing problem (Blum-

rosen and Nisan, 2007; Giinliik, Ladanyi, and De Vries, 2005) that selects at most one bid for
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Algorithm 1 : Scheme to update ju,
Initiate with 9 = 0.1. Let ¢; and ¢,, be the biggest and the smallest values of the Lagrangian Dual (3.27) in
last p =20 DSM iterations. Let o = 4)"‘(;“;51
if a > 0.01 then
i1 < 0.5k
else if o < 0.001 then
Hit1 < 150k
else

Hk+1 < Uk
end if

PDG,; from gf, such that inventory balance and factory capacity constraints are satisfied while

maximizing Total Contribution, and can be stated as follows:

N

T
(W1) Max Z Z [mit (Dit + Bigi—1) — Bit) — hitUsp — 14QitCr — byt Byt (3.38)

i=1 t=1

subject to

Up = Uip—1 + QuCr — (D + Biy—y — By) Vi=1...,.N t=1,...,T (3.39)

N

STQu+Y an<1 Vt=1,...T (3.40)
i=1 i€l

Y dlxiy<ay Vielt=1,....T (3.41)
jesk

Qu<> fhxy Vi€l pePy, t=1,...T (3.42)

jeSk

Y xy<1viel (3.43)
jeSk

Uzt,BltEO VZ:1,,N tzl,,T

Qu €10,1], xi;;€{0,1} Viel, pe P, jeSt=1,...,T

Xij is a binary variable that takes the value 1 if bid j € SF is awarded to PDG; and 0 other-
wise, dft is the factory capacity required by PDG; in period ¢ in bid j € S¥ and g)it is a binary
parameter that takes the value of 1 if product p is ready for manufacturing in period ¢ in bid

j € S¥ for p € P,. Constraints (3.39) and (3.40) ensure that inventory balance and factory ca-
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pacity constraints are satisfied. Constraints (3.41) and (3.42) ensure that MFG allocates factory
capacity to PDG,; and manufactures a product p € P; as per the bid selected for PDG;, and

(3.43) that at most one bid is selected for each PDG.

3.3.1 Private Information and the Winner Determination Problem

Submission of a restricted bid set S* C S¥ instead of the full set S by some P DG, seeking to
improve their local objectives may reduce the auctioneer’s ability to capture sufficient knowl-
edge of its capabilities (described by the PDG); constraints) to determine an optimal market
clearing solution. Consider two instances W1 and W1 of the WDP (WT1) based on two bid sets
S¥ and S from P DG, respectively, such that S¥ C S* and the bid sets of all other PDGs remain
the same in both instances. Then W1 is a relaxation of ﬁ/\l, with Total Contribution to the firm
at least as great as that of Wi Thus, more bids from the PDGs will give the auctioneer more
knowledge of their constraints (their private information) and therefore their capability to com-
mit to a capacity allocation schedule. This gives the auctioneer greater flexibility in determining
a good coordinated solution for the firm which is also feasible to the P DG; subproblems. Thus,
it is clearly in the auctioneer’s interest to obtain as many bids as possible from the PDGs, even
though it may not be in the PDG’s interest to provide them. We show in the Appendix that if
the costs of any PDG not receiving any allocation at auction termination are sufficiently high,
each PDG will willingly provide the auctioneer with as many bids as possible, provided other

PDGs also do so.

3.4 A Column Generation based Iterative Combinatorial Auc-
tions (CG-ICA)

Chapter 1 of Desaulniers, Desrosiers, and Solomon (2006) describes the dual relationship be-
tween Lagrangian Relaxation and Column Generation, noting that both yield the same upper

bound on the optimal Total Contribution to the firm. However, the calculation of such an upper
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bound using Lagrangian Relaxation requires knowledge of all the extreme points of the convex
hull of constraints (3.24)-(3.26) in the Lagrangian Subproblem (L1), which is impractical due
to the NP-hardness of the P DG, subproblem (L3). Therefore, we use the DSM to determine a
set of near-optimal prices for the Lagrangian Dual problem (LD1). For the problem addressed
in this chapter, the LR-ICA with DSM possesses two favorable properties: (i) it can be easily
interpreted as an ICA, and (ii) it is easy to implement and understand.

However, the LR-ICA with DSM suffers from two major drawbacks: (i) As the DSM uses
only the optimal solutions to the subproblems to update the Lagrange multipliers (prices) at
each iteration, it doesn’t consider any other bids submitted by the PDGs in updating prices.
This deprives the auctioneer of information regarding the constraints of the PDGs (their pri-
vate information), resulting in slower convergence to the optimal upper bound, and (ii) there is
no mechanism in DSM that elicits new bids that have not been submitted previously from the
PDGs in each iteration. Clearly, the more bids satisfying the PDG’s constraints the auctioneer
has available, the more information the auctioneer has about the capabilities of the PDG. As the
auctioneer retains bids from previous iterations, submission of bids that have been submitted in
previous iterations does not add to the auctioneer’s knowledge of the PDGs’ capabilities, limit-
ing its ability to quickly generate good coordinated solutions for the firm. CG-ICA overcomes
both these drawbacks by considering all bids submitted by the PDGs while updating prices, and
ensures that no previously submitted bid is resubmitted by a PDG in subsequent iterations. This
is accomplished by enforcing provisional budgets specifying the maximum loss each PDG is
allowed to incur at the current iteration of the ICA.

Figure 3.3 outlines the ICA framework derived using Column Generation where 6% denotes
the provisional budget of PDG; in the k'" iteration. The auction is initialized with randomly
chosen prices and infinite provisional budgets for the PDGs. In Step 1a of the k" iteration the
auctioneer communicates the current prices and provisional budgets to the PDGs, who, in Step
1b, solve their subproblems (L3) and submit bids whose local cost, given by the negative of

(3.33), must not exceed the provisional budget. As in LR-ICA, each PDG;, can strategically
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Figure 3.3: ICA framework based on Column Generation

manipulate the auction by submitting fewer budget feasible bids than they actually calculate.
However, PDGs may be induced to submit multiple budget feasible bids as described for the
LR-ICA in Section 3.3.1, when the cost of not receiving any allocation is extremely high. The
auctioneer retains all bids from previous iterations and in Step 2a, solves the linear programming
relaxation of the Restricted Master Problem to update prices (/\"7, 6] k) and the provisional budget
" for the next iteration (explained in Section 3.4.1) in Step 2b. CG-ICA terminates in Step 3
when no PDG submits a bid that is feasible for both the available capacity allocation and their
provisional budget, or the auction returns to Step 1. Unlike LR-ICA, a lower bound on the
optimal Total Contribution is not required to update prices, so in Step 4, the auctioneer solves
the WDP (W1) after termination to obtain a lower bound on the optimal solution value of (3.1)

and the final capacity allocations and product introduction time periods.

3.4.1 Restricted Master Problem and Price Update

The WDP (W1) can be regarded as the Restricted Master Problem (RMP) derived from the cen-

tralized formulation (C1) with bids from the PDGs represented as columns and the PDG; Constraints Vi €
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I as the constraints of || pricing subproblems. W1-LP gives the linear relaxation of W1 at the
k' iteration of the ICA. However, we modify the inequality in (3.43) to equality in (3.49) to
ensure that prices are updated in a manner that encourages PDGs to submit compatible bids.
We define compatible bids as bids containing feasible capacity allocation schedules that result
in feasible solutions to WDP (W1) where all PDGs receive an allocation (i.e. constraint (3.43)

is tight for all PDGs). The LP relaxation of this WDP can be stated as follows:

N T
(W1-LP) Max Z Z [7it (Dit + Bir—1) — Bit) — hatUst — rtQiCy — by By (3.44)
=1 t=1
subject to
Uit - Ui,t—l +QitCt - (Dit+Bi,t—1 —th) V’L - 1,N t= 17...,T (345)
N
STQu+d an<l W=1,...T (3.46)
=1 iel
Y iy <ay Vielt=1,....T (3.47)
jeSk
Qu< Y Gwxiy Viel, peP, t=1,...,T (3.48)
jESk
Y xy=1viel (3.49)
jESk

Uy, B >0 Vi=1,....N t=1,....,T

Qp €[0,1], xi;j >0Vicl, pePy, jeSFt=1,...,T

Let \F = <5\ft) , Bk = (7&) and 0% = <§f) be the optimal
iel, t=1,...,T peP;, i€l, t=1,..,T iel

values of the dual variables associated with constraints (3.47), (3.48) and (3.49) respectively,

where {5\’“, B’“} > (. % is unrestricted in sign, and can be interpreted as a provisional budget

allocated to PDG); at each iteration k as discussed below. The column generation procedure

seeks columns (bids) with positive reduced cost at <5\, B, 9) that are feasible to the PDG;

constraints. Thus, the columns acceptable to the auctioneer in the (k + 1) iteration should
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satisfy

- Z My + Z By — 05 >0 Viel (3.50)
peEPR; t=1
Setting \**1 = \¥, g¥1 = 3% and the provisional budgets for the (k + 1) iteration, #*+! =

6% in (3.50), we get

- Z ey + ) Z BE > —05 1 Wi I (3.51)

peEP; t=1

whose left hand side ensures that all constraints of the optimization model (L3) with objective
function (3.33) are retained for the PDG; subproblem in CG-ICA. However, (3.51) implies

that

Z AiHag — ) Z By < 05T Vie I (3.52)

peEP; t=1

suggesting an additional constraint for the PDGs to ensure that only bids whose local total loss,
given by the negative of (3.33), does not exceed the specified provisional budget #*™ can be
submitted to the auctioneer, i.e., only columns with positive reduced costs are added to the RMP.
Moreover, the dual constraint of W1-LP associated with x;;Vj € Sk i e I at optimality of

(W1-LP) is given by :
T

> Nl — ZZ Bl +0F>0vjeSt iel (3.53)

t=1 peEP; t=1

Setting \Ft1 = \F, g1 = gk ghtl — _gF in (3.53) we get:

Z/\’“““’ — ZZ hEg, > 08 Vie SE el (3.54)

peEP; t=1

which renders all bids submitted by the PDGs in previous iterations budget infeasible for a
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provisional budget of #**!, which, along with (3.51), ensures that either bids different from
previously submitted ones will be submitted in the next iteration, or none at all. Thus, CG-ICA
takes into account all bids submitted by agents up to and including the current iteration while
updating prices and provisional budgets, giving the auctioneer a better understanding of the
private information of PDGs (specifically, the structure of the PDG constraints which define
the capabilities of the PDG to its management, but which are not known to the auctioneer).
CG-ICA terminates when no new budget feasible bids are submitted by PDGs, ensuring the
optimality of the linear relaxation of RMP. Since the provisional budgets 6% are unrestricted
in sign, the provisional budget 6**! for PDG); can take both positive and negative values. A
positive provisional budget Qfﬂ > () at iteration k + 1 can be interpreted as the maximum loss
PDG, can incur from its bids submitted in iteration k£ + 1. Moreover, a positive provisional
budget implies that optimal dual variable 6’~f is negative. This suggests that, based on the bids
submitted by P DG, until iteration k, the auctioneer can improve the objective of (W1-LP) by
reducing the right hand side of the i*" constraint in (3.49) to 0, i.e. not selecting any combina-
tion of bids so far submitted by P DG;. Thus, a positive provisional budget relaxes the PDG;
subproblem through (3.52), encouraging P DG, to submit additional bids in iteration k£ + 1. On
the other hand, a negative provisional budget ¥ < 0 at iteration k + 1 represents a penalty
paid by P DG, to the auctioneer for submitting a bid in iteration k -+ 1, forcing it to search for a
solution whose value offsets the penalty, leading to a bid with positive reduced cost. Moreover,
a negative provisional budget implies that the optimal dual variable éf” is positive. This sug-
gests that, based on the solutions submitted by P DG; till iteration k, the auctioneer will seek
to reduce the optimal objective function value of (W1-LP) by changing the right hand side of
the i*" constraint in (3.49) to 0. This means that P DG; has submitted some compatible bids in
previous iterations, so the auctioneer may not require P DG; to bid as aggressively as in previ-

ous iterations. Thus, a negative provisional budget constrains the P D(G; subproblem through

(3.52), discouraging P DG; from submitting additional bids in iteration & + 1.
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3.5 Computational Experiments

3.5.1 Experimental Design

Our computational experiments consider problem instances with one MFG unit and either two
or four PDGs, denoted by Case 2PDGs and Case 4PDGs, respectively. In both cases, each PDG
develops one new product that will replace an old product currently in volume production. We
assume demand of the older products goes to zero when demand for new products are realized,
and that all new products have the same introduction deadlines based on the demand forecasts.
This will ensure that we generate hard negotiation problems since, if the development of new
products is not complete before their demand is realized, the firm will incur high backordering
costs for new products and high opportunity costs for factory capacity as MFG would be left
with no product to manufacture, while if the PDGs are allocated too much factory capacity
during the initial periods of the planning horizon, the firm will incur large backordering costs for
old products, reducing their revenue stream. While in practice we would expect positive demand
for both old and new products in some periods, the current design makes timely completion of
new product development by the PDGs especially critical, since the firm cannot receive any
revenue if the new product is not ready. Hence we believe these represent particularly hard test
instances for this problem.

We shall use the notation U NI F'(a, b) to denote a continuous uniform probability distribu-
tion over the interval (a, b). In Case 2PDGs, we will refer to the current products as Products 1
and 2 and the new products as Products 3 and 4. P DG develops the new generation of Product 1
(Product 3) with low demand (UN 1 F (1600, 1605)) and high revenue (175/unit), while PDG»
develops the new generation of Product 2 (Product 4) with high demand (U N1 F (3000, 3005))
and low revenue($75/unit). All products have the same unit material, inventory holding and
backordering costs. The price increments from old products to new generation products are

equally likely to be {10%, 15%, 20%}. Values of other parameters of the MFG constraints are

38



Table 3.3: Parameters Values for MFG Constraints

Parameters | Values

T 24

1 1,2
N 4
Tit 50
hit 0.1r;
bit 20h
C 5000

Table 3.4: Demand Distribution of New Products in Case 4PDGs

PDG Demand Distribution
PDG, | UNIF(1550, 1555)
PDG, UNIF(750, 755)
PDG3 | UNIF(1550, 1555)
PDGy UNIF(750, 755)

given in Table 3.3 and are identical for all products.

Case 4PDG has a similar design to Case 2PDG with two additional PDGs, PDG3 and
P D@y, that duplicate PDG and P DG of Case 2PDG. The demand for new products in Case
4PDG, shown in Table 3.4, is adjusted to maintain an average factory utilization of 0.92. These
represent quite difficult problem instances where there is limited excess capacity available for
MFG to allocate to PDGs; any factory capacity allocated to a PDG is likely to result in lost
revenue.

For all PDG; subproblems in both cases, we consider a single engineering resource whose
capacity is constant across time periods and is determined using the parameter 7. Setting n = 0
ensures that engineering resource capacity is not constrained while = 1 sets the engineering
resource capacity to the minimum level required to maintain problem feasibility. During the
new product development process, as the engineering resource can be allocated in the first two
time periods of a stage (except the last one which spans only one time period), the minimum
engineering resource level is set to half of the maximum engineering resource requirement

among all stages.
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Table 3.5: Cases in Product Development Process in Semiconductor Industry

Cases Number of Stages | Factory Capacity Requirements | Probability
Scenario 1 3 (500, 100, 0) 0.20
Scenario 2 4 (500, 250, 100, 0) 0.20
Scenario 3 5 (500, 400, 200, 100, 0) 0.60

Since the product development process can require a different number of stages, we consider
in three scenarios. The number of stages and factory capacity required for each stage in each
scenario is given in Table 3.5 along with probability of each scenario occurring. Scenario 1 is
the best case scenario that requires the least factory capacity, while Scenario 3 is the worst case
scenario, with Scenario 2 intermediate between them. We generate different problem instances
by assuming that each product development process will require one of these three scenarios
with the probabilities shown in Table 3.5. The probability distribution is chosen such that we
emphasize harder problem instances where most PDGs are developing products in Scenario 3.

We obtain multiple bids for each PDG by using the cplex.populate() command in the CPLEX
MILP solver, which gives all the feasible solutions found in the course of the Branch and Bound
Algorithm. We consider three different bidding strategies for the PDGs. Under the first, which
we shall refer to as A4/l, all PDGs submit the entire set of bids that they obtain in the process
of solving their respective subproblems. Under Random, PDGs randomly select the bids to be
submitted to the auctioneer from their set of feasible capacity allocation schedules. Under Best,
all PDGs submit their feasible capacity allocation schedules which are optimal to their local
objective functions as their bid. We solve 20 random instances for each bidding strategy, each
value of n = {0, 1} with randomization over demand, cases in product development process
and per unit revenue increments from old products to new products. As the DSM and Column
Generation procedures require optimal subproblem and RMP solutions for convergence, we use
the CPLEX LP solver to solve the MFG subproblem and RMP, and the CPLEX MILP solver
to solve the PDG subproblems and the WDP to optimality. We execute the computational ex-

periments on an Intel Xeon E5-2680 v2 @ 2.80 GHz processor with 1286GB RAM, MATLAB
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Table 3.6: Performance Measures

Performance Measure | Definition

Gap_CI (%) Relative gap of the best objective function value ob-
tained from DSM or CG from the optimal objec-
tive function value of the centralized formulation un-
der compete information (solved using CPLEX MILP

solver).

Gap LB (%) Relative gap of the best objective function value
(lower bound) from the upper bound obtained from
DSM or CG.

Comp_ Time CPU time in seconds

2017b and CPLEX 12.8.0 for the maximum of 3600 seconds.

3.5.2 Computational Results

Table 3.7 compares LR-ICA and CG-ICA over the mean and maximum of the performance
measures stated in Table 3.6 for the All bidding strategy. Both ICAs generate near-optimal fea-
sible solutions, as evident from very low values of Gap CI in Table 3.7. However, CG-ICA
constructs markedly better upper bounds in short CPU time compared to LR-ICA for all cases
and 7 values. This is because, unlike LR-ICA, CG-ICA utilizes all the bids submitted by PDGs
to update prices, providing the auctioneer with more information regarding the capabilities of
PDGs. Moreover, CG-ICA uses the provisional budget of the PDGs to force them to submit
different bids in each iteration which monotonically improves the upper bound. Such a mecha-
nism is absent in LR-ICA where bids can be repeated in each iteration and the change in upper
bound may be non-monotonic. Thus, we focus on the performance of CG-ICA for the rest of
this section as it consistently outperforms LR-ICA over two of the three performance measures
while constructing feasible solutions of similar quality. We also drop Case 2PDGs from sub-
sequent analysis as it provides very easy problems compared to Case 4PDGs, as evident from
low values of all three performance measures in Table 3.7.

Table 3.8, Figure 3.4 and Figure 3.5 compare the All, Random and Best bidding strategies
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Table 3.7: Comparison of LR-ICA and CG-ICA for Case 2PDGs and 4 PDGs under All

bidding strategy
Mean Max
Case 2PDGs (1 = 0) 5o G194y T Gap. LB(%) | Comp_Time (se¢) | Gap-Ci(%) | Gap_LB(%) | Comp_Time (sec)
LR-ICA 0.011 23.84 2916.88 0.058 64.88 369824
CG-ICA 0.002 0.03 31.92 0.011 0.04 46.58
Mean Max
Case 2PDGs (1 = 1) =50C1%) T Gap. LB(%) | Comp_Time (sec) | Gap_CI(%) | Gap LB(%) | Comp. Time (s¢0)
LR-ICA 0.0044 2271 291637 0.057 60.64 3675.96
CG-ICA 0.0001 0.02 2921 0.0011 0.04 45.69
Mean Max
Case 4PDGs (1 = 0) =520 G19%) T Gap. LB(%) | Comp_Time (sec) | Gap_Ci(%) | Gap_ LB(%) | Comp._Time (scc)
LR-ICA 0.00 23.00 3686.77 0.00 83.59 3742.48
CG-ICA 1.00 3.74 59.87 5.81 13.80 80.94
\ Mean Max
Case 4PDGs (1 = 1) -5 o=1%) T Gap LB(%) | Comp_Time (sec) | Gap_CI(%) | Gap. Lb(%) | Comp._ Time (s¢0)
LR-ICA 0.00 22.86 3654.09 0.00 83.27 3732.67
CG-ICA 1.07 3.81 59.17 525 13.57 90.71

Table 3.8: Comparison of different bidding strategies in CG-ICA for Case 4PDG

Case 4PDGs (1 = 0) Mean i Max i
Gap CI(%) | Gap LB(%) | Comp Time (sec) | Gap_ CI(%) | Gap LB(%) | Comp_ Time (sec)
All 1.00 374 59.87 5.81 13.80 80.94
Random 1.21 3.96 46.34 6.25 14.33 61.36
Best 1.31 4.10 80.98 8.72 17.90 155.36
Mean Max
Case 4PDGs (1 = 1) =5o=C1%) T Gap LB(%) | Comp_Time (sec) | Gap_Ci(%) | Gap LB(%) | Comp Time (sec)
All 1.07 381 59.17 5.25 13.57 90.71
Random 1.29 4.04 48.64 438 12.54 66.44
Best 1.49 4.26 78.40 5.37 13.71 149.72
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Figure 3.4: Comparison of three bidding strategies in CG-ICA over Gap_ClI for Case 4PDGs
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for CG-ICA over the mean and maximum of the performance measures stated in Table 3.6 for
Case 4PDGs and both values of 1. Mean Gap_CI and Mean Gap_ LB decreases from top to
bottom for both values of 7 in Table 3.8, suggesting that the All bidding strategy outperforms
Random, which in turn outperforms Best, with Figure 3.4 and Figure 3.5 supporting this ob-
servation. This is because more bids from the PDGs give the auctioneer a better understanding
of the capabilities of PDGs, giving it an increased flexibility in combining bids and thus in
constructing a better feasible solutions and upper bounds. Thus, the auctioneer should provide
some incentives to PDGs to follow the All bidding strategy. We show in the appendix using
Mechanism Design terminology that if failing to obtain a capacity allocation at auction termi-
nation implies a high penalty for the PDGs, then under the assumption of myopic best response,
it is in the best interest of each PDG to submit their complete set of bids. Such a high penalty
scheme is realistic as the fixed costs of skilled personnel and other development resources are
very high, rendering a PDG that cannot obtain a budget feasible factory capacity, and hence

cannot develop new products, non-viable.

3.6 Conclusion

We design two iterative combinatorial auction frameworks for coordinating decentralized nego-
tiations over factory capacity in the semiconductor industry using MILP, Lagrangian Relaxation
(LR-ICA) and Column Generation (CG-ICA). LR-ICA uses the Deflected Subgradient Method
(DSM) as the price taitonnement scheme while CG-ICA uses the all the bids submitted by PDGs
to update prices. We show that CG-ICA constructs better quality upper bounds in short CPU
times as compared to LR-ICA while generating similar quality feasible solutions. Moreover, it
is free from strategic manipulation by PDGs under the assumption of myopic best response if
any PDG that cannot procure any factory capacity at auction termination is subject to a heavy
penalty.

In our computational experiments we found columns at the termination of CG-ICA to be
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integer feasible for all instances but in general, this might not be the case. Therefore, one ma-
jor future research direction is to design a CG-ICA that generate integer feasible solutions for
majority of problem instances. Other future research directions include designing a ICA frame-
work with both MFG and PDGs as agents in the ICA and devising a side payment scheme that
makes submission of all bids the optimal strategy for a PDG irrespective of the bids submitted
by other PDGs and MFG.

The current chapter assumes no communication between the individual PDGs except indi-
rectly through the ICA process. In practice, subsets of PDGs might be motivated to communi-
cate among themselves to prepare coordinated bids that would place them in a favorable position
relative to others. Examination of effective decentralized solution procedures under such con-
ditions is an important direction for future work. Finally, the extension of the approaches in this
chapter to study stochastic versions of the problem, where different units may have private in-
formation about internal sources of uncertainty as well as different assumptions about external

uncertainties remains an important long-term goal.

Appendix

Bayesian Incentive Compatibility of Proposed ICA Scheme

Let 0% = | S| denote the number of bids obtained by P DG in the k" iteration of the ICA in the
course of solving its subproblem, which we define as the true type of PDG;. If PDG); decides
to submit 6% < 6* bids, let ggf denote the set of bids it submits and gf(ggf) be the probability
distribution over all the possible bid sets consisting of 0¥ bids. We assume that the distribution
gf(geic) is privately known to P D(;. The remaining notation in this subsection is defined in
Table 3.9.

Let pF (%) denote the expected probability of PDG; being awarded one of its submitted
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Table 3.9:

Notations For Bayesian Incentive Compatibility

Notation

Description

True type of PDG; or total number of bids de-
vised by PDG; in k' iteration of DSM

S Set of 6¥ (< 6¥) bids submitted by PDG,;.
ti (Hf) Expected payment for P DG/ if it submits 67 bids.
o, Revealed types of all other PDGs except <.
Sgr Set of all bids submitted by all PDGs except ¢ as-

sociated with their types 6% .

P A set of distributions used by each PDG to devise
their belief distribution of 5’95 . and is assumed to
be common knowledge.

bids in the k" iteration if it submits 6% < #% bids, i.e.,

(E% (Pt (S 592)))

where pf (5”6;;, 5‘95 ) is the probability of P DG getting an allocation in iteration £ if it submits

pi (07) =Eg,,

—1

(3.55)

the bid set Sy: and other PDGs bid 5‘95 . Expectation is calculated over the random variable
395 representing the bid set chosen with 6% bids, which are drawn from ¢¥ (5’%), and ggzi _
represents the bid sets submitted by all PDGs except ¢, which are drawn from some belief
distribution in P. When MFG assumes the role of auctioneer, we model the expected payment
paid by PDG;, for not getting a factory capacity allocation by setting

L(0F) = M (1 - 5 (67)) (3.56)
where M is the penalty paid by each P DG, for not getting an allocation at auction termination
and is assumed to be very large and (1 — ﬁf(@f)) the expected probability of PDG); of not

getting an allocation if it submits 6¥ bids. For M sufficiently large, we ignore the utility earned

by PDG; through the trading of factory capacity and product introduction time periods, and
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linearly approximate the expected utility of PDG; with 6% bids as:

Ui (0F) = 07 pi(0F) — £,(0F) (3.57)
= U(6F) = 0Fp,(8F) — M (1 — pf(0F))  from (3.56) (3.58)
= U;(6F) = (0 + M) pi(0F) — M (3.59)

Following the Mechanism Design literature for linear environments (Mas-Colell, Whinston,
and Green, 1995), we assume that the types of PDGs are statistically independent, i.e., their
joint density distribution can be written as the product of their marginal distributions. For M
sufficiently large, P DG seeks to submit a set of bids such that U;(0¥) is maximized. By (3.59),
we know that maximizing U;(6%) is equivalent to maximizing p;(6%). We have the following

results:

Proposition 3.1: 1f (5*@?, Sgr 1) denote the complete set of bids for all PDGs with (6, 6% )
being their true types in the k™" iteration of CG-ICA then p¥ (5’55, Sar ) < pk (S'gf, S )
‘v’éf < 0%, i € Iif WDP is solved optimally as the allocation rule.

Proof: Let X 550 be the set of feasible solutions for the WDP at iteration k if P D(,; submits 5@5
and all other PZDGs submit 59-13 - If PDG; gets an allocation when WDP is solved optimally
over Xgél_“ , it will definitely get an allocation when WDP is solved over Xgéf as Xgék C Xgéf

for 5’9;_6 C Sgr . Moreover, if PDG; doesn’t get an allocation then submitting all its 6% bids will

not make its probability of getting an allocation worse. Thus, p¥ (S(;zc, Sgg ) < pt <§g@, ngi )
[

In Proposition 3.1, we show that with WDP solved optimally as an allocation rule and bids
of all other PDGs remaining unaltered, the probability of P DG, getting an allocation is maxi-
mized when it submits the complete set of bids. Proposition 3.2 is a generalization of Proposi-
tion 3.1 where we show that expected probability of P DG getting an allocation is maximized

when it submits its complete set of bids at k*" iteration of ICA.
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Proposition 3.2: pF(0F) < pF(OF) VOF < 0F viel
Proof: From Proposition 1, Vi € [ we get:
pf (ggmge‘g) <p (Sek S )

= > <55§,5é5i> ACT (géf>59”ji> g (Sgr)

§9§659§ §9§e§9f
k(& a k(S
= Z pi <S(§j‘vS§’ji> (Sek) <p (Sek Sar. ) Z 9; (Spr)
Sekegek gelfegek

= Eg (pz (595 5@@)) <pf (5@»5@5)

= p;(0;) =Eg,, (Egek p(gépse‘g))) <Es, (pf <5’é§,5§5i>) = i (67)

(3.60)

(3.61)

(3.62)

(3.63)
(3.64)

(3.65)

(3.63) follows from the observationthat } 5 s 9%(Syr) = 1 and the second equality in (3.64)
67 oF 7

because 0% consists of only one set of bids.
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Chapter 4

Iterative Combinatorial Auctions for
Managing Product Transitions in

Semiconductor Manufacturing using

Subadditive Duals of MILP

4.1 Introduction

In this chapter, we present a generalized formulation of the capacity coordination problem pre-
sented in the previous chapter, where MFG served as the auctioneer. In this chapter, we assume
that the Sales and Marketing (S-MKT) Group functions as an auctioneer with both MFG and
PDGs acting as agents in the auction. As shown in Figure 4.1, S-MKT provides demand forecast
and fill rates to MFG at the start of the auction, and assumes the role of a trader between MFG
and PDGs. Specifically, S-MKT procures factory capacity from MFG and allocates it to PDGs
while procuring product introduction time periods from PDGs and allocating them to MFG.
The fill rate specifies the fraction of a product’s total demand that must be fulfilled over the

planning horizon. MFG provides finished products to S-MKT that are sold to generate revenue
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Demand Forecast

>

S-MKT Fill Rates MFG
Finished Products
/\' Factory Capacity

MFG Factory Capacity - S-MKT
_Product Intro. Time Periods (Auctioneer) |product Intro. Time Periods

<

PDGs

Figure 4.1: Role S-MKT in the Auction

while allocating factory capacity to the PDGs depending on its predictions of the development
progress of its new products.

In Chapter 3, we presented a Column Generation based Iterative Combinatorial Auction
(CG-ICA) mechanism in which the optimal solution of the LP relaxation of the Restricted Mas-
ter Problem (RMP) derived from WDP is used to elicit bids from the PDGs. Our computational
experiments found that this CG-ICA mechanism yielded a set of integer-feasible columns but
in general, this might not be the case. As the LP based Column Generation algorithm applied
to a MILP solves a relaxation of the MILP, the columns it identifies using the reduced cost of
the LP relaxation of RMP might be integer infeasible to the RMP. In other words, the integer
WDP from which the RMP was derived may not have an integer feasible solution in which at
most one bid is accepted from each PDG. Moreover, even if an integer feasible set of columns
is obtained using this algorithm, the optimal solution of the RMP might be suboptimal to the
original MILP. Therefore, in this chapter we emulate a CG-ICA using the subadditive dual of
the Mixed Integer Linear Program (MILP) representing the RMP whose dual solution is used
to elicit new bids from the agents. This is in contrast with LP based Column Generation where
the optimal dual solution of the LP relaxation of the RMP is used as prices in the ICA.

We demonstrate in Section 4.2 that identifying the subadditive dual of the RMP involves
solving a computationally expensive inverse MILP problem (Wang, 2009). However, if the

auctioneer’s objective is to minimize the number of agents without an allocation at auction
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termination, then the inverse MILP problem can replaced by a LP for the calculation of the
subadditive dual of the RMP. Moreover, this objective function will drive the auction towards
a final solution in which bids from MFG and most of the PDGs are selected, allowing MFG to
meet the fill rate of new products and giving S-MKT a steady revenue stream in the future. To
address the concern with maximizing corporate revenue, we also conduct a single shot auction
between S-MKT and MFG at the end of the proposed ICA mechanism, where in return for
a side payment, MFG gives S-MKT a production schedule in which the demand of most of
the products is fulfilled, thereby improving corporate revenue. Our computational experiments
show that the proposed ICA mechanism followed by the single shot auction generates near-
optimal solutions for the capacity coordination problem in terms of revenue.

The remainder of this chapter is organized as follows: Section 4.2 gives a brief review of
subadditive duality in MILPs. Section 4.3 presents a general column generation framework for
MILPs based on subadditive duality, which is applied in Section 4.4 to coordinating capacity
negotiations in semiconductor industry. Section 4.5 provides details of computational experi-
ments and their results while Section 4.6 concludes the chapter with discussions on the principal

findings and some directions for future work.

4.2 Subadditive Duals of Mixed Integer Linear Programs

Let C be the set of decision variables, W C C be the set of integer variables, A a m X n

coefficient matrix and b a m x 1 column vector in the following MILP (P1):

(P1) Min cx (4.1)
Az =b (4.2)
x>0 (4.3)
1, €7 VieW (4.4)
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Definition 4.1: A function I’ : R™ — R is subadditive if

Vr,y € R™, F(r+y) < F(x)+ F(y) (4.5)

The subadditive dual of (P1) is given by (Guzelsoy and Ralphs, 2007) :

(DP1) Max F(b) (4.6)
Fla;) < ¢ Vitz; €W (4.7)
Fla;)) < ¢ Vi:a; € C\W (4.8)
F is subadditive (4.9)
F(0)=0 (4.10)

where ' : R™ — R, a; is the j* column of A and F(r) = lim sups_o+ (F(gr)). Theorems

4.1 and 4.2 define the primal dual relationship between P1 and DP1.

Theorem 4.1 (Weak Duality): Let x be a feasible solution of P1 and F' a subadditive func-
tion feasible to DP1. Then F(b) < cx.

Proof: Theorem 2, Guzelsoy and Ralphs (2007).
[ |

Theorem 4.2 (Strong Duality): 1f P1 has a finite optimal solution, then so does D P1 and their
optimal objective function value is equal.

Proof: Theorem 6, Guzelsoy and Ralphs (2007).

Klabjan (2007) proposes a family of subaddtive functions called Generator Subadditive Func-
tions for pure integer programs (W = C) with A,b > 0 that satisfy constraints (4.7), (4.9),
(4.10), and are easy to evaluate. Cheung and Moazzez (2016) extend these to MILPs with no

restrictions on A and b, as defined in Definition 4.2.
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Definition 4.2: Let w € R™. Then a Generalized Subadditive Generator Function F' is defined

as:

F(w) = aw — max Z (aaj —cj)a;tw— Z ajr; € Ko >0,z €Z, x;j €c ENW (4.11)
jix;€EE jix;€EE

where K is a closed convex cone and E is a subset of the decision variables C such that:

Z ajr;x>0,2;, € ZVNr; e W\E ) CK (4.12)

jZiBj ¢E

and o € R™ such that:

aa; <c¢; Vj:z; € C\ E (4.13)

Theorem 4.3: F satisfies constraints (4.7)-(4.10) in DP1 and therefore, is a feasible solution to
DPI.

Proof: Theorem 6, Theorem 7 and Lemma 8 of Cheung and Moazzez (2016)
|

F' is characterized by the closed convex cone K, an appropriately chosen subset of the
decision variables ¥ C C and a vector a which we will call the pseudo-dual prices in the rest

of the chapter. In this work, we assume that

K={z:2>0} (4.14)
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With this definition of K, (4.11) becomes:

F(w) = ow — max Z (aa; —cj)zj Z ajr; <w,x > 0,2, €Z, x;j€ ENW

Jjix;€ER Jix;€EE

(4.15)

The following proposition characterizes the set E that will yield a valid F' with respect to K as

defined in (4.14).

Proposition 4.1: Let x; be a decision variable of P1 with column «a; in the constraint matrix
A. Let a;; denote the 5t element of column a,. Define the set E such that if Jda;; < 0 and K is
as defined in (4.14) then z; € E. Then the set E defines a valid F.

Proof: Assume that 3x; with a;; < Oand z; ¢ E. Ifwesetz, = 0 Vo, € C\ E,q # i and

x; > 0, then:

Z apr, = a;x; ¢ K

pxp¢E

as the j' component of a;z; is negative, violating (4.12).
[ |

Proposition 4.1 states that any variable with a negative coefficient in any constraint of P1 must
belong to the set E in order for the resulting F' to be valid. Definitions 4.3 and 4.4 define a
Generalized Subjective Generator Function that satisfies the strong duality property and the
reduced cost for each variable in P1. The following Proposition 4.2 gives an important rela-

tionship between the optimal solution of P1 and the optimal subadditive generator function.

Definition 4.3 (Klabjan, 2007): F* is an Optimal Generalized Subadditive Generator Func-

tion (OSF) if F*(b) = cz* where z* is an optimal solution of P1.
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Definition 4.4 (Klabjan, 2007): The reduced cost for an integer variable z; Vj € W is given by
Cj — F*((lj).

Proposition 4.2: Let z* be an optimal solution to P1. Let z € R!®! such that 7; = 2 Vi € E,

and & € RI®V¥l such that #; = x* Vi € C\ E. If F* is an OSF, then

mEargmax{Z(aaj—cj)xj:w—ZajijK,mZO,xjGZ, j:ijEﬂW}

jEE jEE

Proof: We follow the same line of proof used in Proposition 6 of Klabjan (2003).

cx* = F*(b) = ab — max Z (aj —cj) ;- Zajxj <bax>0,z;€Z, j:z; € ENW
jix;€EE jeEE

<ab-— Z (aaj—cj)xj:a(b—Zajmj> + Z CjTj = Z aa;T; + Z ¢ T;

jix;€EE JjeEE jix;€EE jix;€C\E jix;€EE
~ - *
< E c;Tj + E CcjTj =cr
jix; EC\E jix;€EE

where the second inequality holds due to (4.13).
[ |

With K defined by (4.14), F*(b) is jointly determined by any suitable « € R™ and E C C
such that F*(b) = ca* and constraints (4.7)-(4.10) are satisfied. Moreover, if F is fixed to £,
then a valid OSF F’*(b) can be determined by searching for pseudo-dual prices « that satisfy

the following constraints:

aa; <c; Vjiaz; € C\E (4.16)
cxt =ab— Z (aa; —¢j) T (4.17)
j:(E]'GE

T € argmax Z (aaj —cj)xj: Z ajr; <bx; >0 2, €Z ;€ ENW 3 (4.18)

jiz;EE jizjEE

where z* is an optimal solution of P1 and z € Rl such that z; = 2 Vi € E. The feasible
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region of constraint (4.18) is equal to the feasible region of an inverse MILP problem that seeks
« such that z is the optimal solution of the MILP problem P2. An inverse MILP problem
seeks coefficients of the linear objective function for a set of of mixed integer linear constraints
such that a given feasible solution is optimal to the resulting MILP (Wang, 2009; Duan and

Wang, 2011).

(P2) Max Z (aa; —¢j) x;

j::ijE

subject to:

Z ;T Sb

j:ijE
.’L‘j Z 0 j c E

1, €Z jE ENW

4.3 OSF based MILP Column Generation

In the Column Generation algorithm for MILPs, only a subset of variables are included in a
restricted MILP problem called the Restricted Master Problem (RMP). Based on some dual
information from the RMP, a pricing subproblem is solved to search for columns with negative
reduced cost. In some problems, including that addressed in this chapter, there may be multiple
pricing subproblems. If a column with negative reduced cost is found in a pricing subproblem,
it is added to the RMP. However, multiple columns from one or more pricing subproblems can
be added to the RMP in each iteration. The Column Generation algorithm terminates when no
column with negative reduced is found. In the OSF based Column Generation algorithm, the
subadditive dual of the RMP is used for solving the pricing subproblems while in the LP duality
based Column Generation algorithm, the optimal dual solution of the LP relaxation of the RMP
is used for solving the pricing subproblems.

We now present the OSF based Column Generation algorithm for MILPs, which we call
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an OSF based MILP Column Generation (O-MCG) described in Figure 4.2. As the Restricted
Master Problem (RMP) changes at each iteration due to the addition of new columns, we denote
the RMP associated with the k'" iteration of the O-MCG procedure by RM P,,. The algorithm
is initialized in Step 0 by constructing an initial Restricted Master Problem, RM P; using some
feasible columns to the pricing subproblems. In Step 1 of iteration k, this integer RM P, is
solved using a general purpose MILP solver and this optimal integer solution is used to deter-
mine an OSF FEM p, In Step 2. In Steps 3 and 4, pricing subproblems are solved to determine
a column a; and associated cost coefficient ¢; with negative reduced cost, ¢; — Fiy, p(az). If

such a column exists, it is added to RM P, to yield RM Py, in Step 5, otherwise the algorithm

terminates.

4.3.1 Comparison with LP duality based MILP Column Generation (L-

MCG)

By using an OSF for the current integer RM P, to obtain new columns with negative reduced
cost, O-MCG uses the optimal dual solution to the RMP to define pricing subproblems that
search for columns with negative reduced cost instead of using the optimal dual solution of
the LP relaxation of the current RMP as in the LP duality based MILP Column Generation (L-
MCQG) used in Chapter 3. As L-MCG solves a relaxation of the original MILP, the columns it
identifies using the reduced costs of the LP relaxation of the RMP may not be integer feasible
to the RMP. Moreover, if the feasible columns are obtained using L-MCG, the final solution of
the RMP might be suboptimal to the capacity coordination problem. O-MCG seeks overcome
these drawbacks by solving the RM Py, as a MILP rather than its relaxation. However, a column
with negative reduced cost in O-MCG may not be cost improving to the RMP. However, the
following theorem ensures that it is not detrimental to add columns with negative reduced cost

to the RMP.

Theorem 4.4: For an OSF of RM Py, any cost improving column in a pricing sub-problem
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Step O:Initialize
using a column

Step la: Solve
RM Py, optimally

Step 2:Determine

OSF Frurp,

Step 3: Solve
the Pricing
Subproblems
using Fryp,

Step 4: Does
there exist a

column a;,
with negative

Step 5: Add that
column to RMP

STOP

reduced cost,
Cj— Fz*zMPk(aj))?

Figure 4.2: O-MCG Algorithm
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must have negative reduced cost.

Proof: let F 7arp, be an OSF of RM P, z* an optimal solution of RM Py, and ¢ the index of the
pricing subproblem that has a cost improving column a,; with cost coefficient c,;. Let RM P,
be the RMP with a,; added and Z* be its optimal solution. Let us assume that a,; has positive
reduced cost with respect to FE Mp, 1€ F rarp, (@g) < cqj. This means that FE M p, 1s a feasible
dual function for RM P,. As E};,, p, 1s an OSF of RM P, and column ag; is cost improving, we
have:

ﬁ’EMPk(b) =cz" > ci”

which violates the weak duality of Firy; p, with respect to RM F,.

4.4 CG-ICA using O-MCG

Figure 4.3 describes the CG-ICA algorithm using O-MCG. The ICA is initiated in Step 0 by con-
structing an initial RM Py using some initial bids from MFG and each of the PDGs, and 15}*2 MPo
is calculated. In iteration £ of the algorithm, the auctioneer provides MFG and the PDGs with
EFx p,_, upon which MFG and the PDGs submit their bids Siand S¢ Vi € I, respectively.
The auctioneer allows no bids with non-negative reduced cost. If no agent submits a bid with
negative reduced cost; the auction terminates; otherwise all new bids with negative reduced cost
are added to the RM P,_, to yield RM Py in Step 2. In Step 3, F R, , 18 updated to F RMP,
and the auction returns to Step 1. The following subsections give detailed explanation of the
components of the O-MCG based ICA (OMG-ICA) with Table 4.1 summarizing the notation
used in these subsections. As in Chapter 3, we assume that factory capacity in each period is

fixed and is common knowledge.
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Step 0: Initialize
using initial
bids from MFG
and PDGs
and calculate
initial Ffy,p,

MFG solves F;‘)“UPkfl
its subproblem 5{]1

Step 1: Fhup_, [ PDGs solves
Auctioneer a its subproblem
(S-MKT) UierS4 s

Does there
exist a new bid
with negative
reduced cost?

STOP

Yes

Step 2: Add
new column to
RMP,._, and
Solve RM P,

Step 3: Up-

e
date Fpnp,

Figure 4.3: CG-ICA Framework using O-MCG

Table 4.1:

Basic Notations

Notation Description
N Set of all products
1 Set of all PDGs
P; Set of all products under development with PDG;
T

Planning Horizon
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4.4.1 Definition of Bids

We define the j** bid from MFG as a vector

B =

where (Z,,.5) + gives the fraction of factory capacity allocated for manufacturing prod-

neN,t=1,...,

uct n in period ¢, (@) + the fraction allocated to P DG in period ¢ and yp;;; = 1 if

ielt=1,..,
MFG manufactures new product p € P; in period ¢ and 0 otherwise.
We define the ;™ bid from PDG; as the vector

=d ~ -
B’L] = <(azt])t:1 T (ypZt])pGPZ>

.....

where each element of the vector (a;;),_, . denotes the fraction factory capacity required by

1.,
P DG, in each period ¢ to complete the development of all its products p € P; by period t* such
that 9,,,; = 1 V¢ > ¢*. Each bid from MFG and each PDG| is a feasible solution to their local
constraints defined in Sections 4.4.4 and 4.4.5 below. MFG and any PDG may submit multiple
bids in each iteration as long as they all have negative reduced costs. Submission of multiple
bids in an iteration improves auctioneer’s knowledge regarding the capabilities of each agent,

which is helpful in rapidly constructing a final solution in which a bid from MFG and each

PDG is selected.

4.4.2 Restricted Master Problem (RM P;)

In Step 2 of the ICA, all bids from MFG and PDGs with negative reduced cost are added to

RM Py, to yield the updated RM P, stated below using the notation defined in Table 4.2.

(RMPy) Mins®+ ) " sf+ Mxg' + > My (4.19)

i€l il
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Table 4.2: Description of Variables and Parameters involved in RM P

Variables Description
oy Amount of product n that S-MKT is allowed to sell in period ¢ (in-terms of fraction of factory capacity in period ).
X7 Binary variable that takes the value 1 if 5% bid of MFG is selected and 0 otherwise
X;’l Binary variable that takes the value 1 of 5 bid if PDG; is selected and 0 otherwise
Parameters Description
Sy Set of bids submitted by MFG in iteration k.
Sd Set of bids submitted by P DG, in iteration k.
S‘Z' U.—1,.. k57" i.e. Set of all bids submitted by MFG in iterations 1 through &k
Sd U.—1,4S% i.e. Set of all bids submitted by PDG; in iterations 1 through k.
subject to
HE
s m = _ _ —
xnt—g XjTntj=0Vn=1,...,.Nt=1,...,T
=0
155" 155,
m - d » T _ ; —
X Ypitj — E xijypitj—l—spt =0VpePr, iel, t=1,....T.
J=0 Jj=0
1S5, I3
d ~ m= 8 __ ; _
g Xijaitj_g xjaitj—l—sit—OVzEIt—l,...,T
J=0 Jj=0
HE
m 2
X; +s =1
J=0
|59

Sad+si=1viel

J=0

X" e {01} vj=o0,...,5"

X, e{0,1}vj=0,...,84, iel

7

spt,s§t,s2,sf’ >0VpeP, 1el, t=1,...,T.

(4.20)

4.21)

(4.22)

(4.23)

(4.24)

(4.25)
(4.26)

(4.27)

where M is a very large number. RM Py is a MILP that selects at most one bid from MFG and

each PDG. Constraints (4.21) ensure that bids from MFG and PDGs are selected such that MFG

doesn’t manufacture a new product until the appropriate PDG has completed all development

activities, while (4.22) ensure that in the selected bid, the PDGs do not exceed the capacity

allocated to them by MFG in each period. Constraints (4.20) ensure that the amount of product

n sold by S-MKT in period ¢ does not exceed the capacity the quantity manufactured by MFG
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in the selected bid while Constraints (4.23) and (4.24) allow at most one bid from MFG and
PDGs to be selected.

We assume the auctioneer seeks to minimize the number of agents recieving no allocation
in the final solution. Therefore, RM P, minimizes the sum of the slack variables in Constraints
(4.23) and (4.24). This objective function will drive the auction towards a final solution in which
bids from the largest possible number of PDGs are selected, allowing MFG to meet the fill rate
of new products and giving S-MKT a steady revenue stream in the future.

We initiate the ICA using the following bids for MFG and PDGs.

7777777777

..........

As these initial bids may not be feasible to all MFG and PDGs, we set their cost coefficient
in RM Py, equal to M, which is greater than |/|41 . The reason for adding these initial bids is
explained in the Sections 4.4.4 and 4.4.5. The following proposition characterizes the objective
function value of all feasible solutions of RM P:

Proposition 4.3: If (Ypir;)

r 7 0Vp e Pi e I and (Gy) s # 0 Vi e Iinall

t=1,..., t=1,...,

the bids submitted by MFG and all PDGs, then every feasible solution of RM P, has objective
function value of either |I|+1 or 0.

Proof: Suppose there exists a feasible solution to RM Pj, with positive objective function value
strictly less than |I|+1. As the objective function for this solution is not equal to |7|+1 and
cannot be satisfied for any PDG. Moreover, as the objective function value of this feasible solu-
tion is not equal to 0, there exists some P> D, for which no bid is selected. As (Ypi;),_;

0 Vp € P, there must exist a time period for which Constraint (4.21) will be violated for all

p € P, as in that time period MFG manufactures a new product of P DG but no bid for PDG,
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is selected and therefore, any new product under its development cannot be manufactured. This
implies there exists no a feasible solution to RM P, with objective function value between 0
and |7]+1. [ ]
Proposition 4.3 states that every feasible solution to RM Py, will have either the maximum pos-
sible objective function value of |7|+1 or the minimum possible objective function value of 0.
In other words, either MFG and all PDGs will have one bid accepted, or none will. The pro-
posed ICA terminates if the objective function value of RM P is 0 as a solution has been found
in which a bid is selected for MFG and each PDG. Therefore, in the remainder of this chapter,

we assume that optimal objective function value of RM Py is |I|+1.

4.4.3 Properties of F RMP,

Calculation of Fng p, requires specification of sets K" and £ and the pseudo-dual prices with

respect to RM Pj,. We define K as in (4.14) and

E= {(XT)]':O,...\Sm ? (X?j)jzﬂ,...,|5;’k|,iel’ (82) ’ (3?)1‘61 ’ }

with pseudo-dual prices with respect to each constraint of RM P, defined in Table 4.3. Even
though any subset of decision variables in RM P, is a valid choice for £, the one defined
above is chosen to ensure that the resulting MFG and PDG subproblems are easier to analyze
and the optimization problem required to be solved to determine pseudo-dual variables can be
reformulated as a LP. With K defined as in (4.14) and E defined as above, we can determine
pseudo-dual prices by searching for a feasible solution to expressions (4.16)-(4.18) for RM P,
The constraints (4.16) for RM Py, are given by:

Ak, <0VneN, t=1,...,T (4.30)
N, <O0peh, iel, t=1,....T (4.31)
E<oviel, t=1,...,T (4.32)
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Table 4.3: Description of pseudo-dual prices in RM P

pseudo-dual prices Description
Yk, pseudo-dual prices for Constraint (4.20)
)\’;Zt pseudo-dual prices for Constraint (4.21)
h pseudo-dual prices for Constraint (4.22)
4] i Pseudo-Dual variable for Constraint (4.23)
62" Pseudo-Dual variable for Constraint (4.24)

Let { (XT*)J‘:Q.--IE}?\ , (X%ik)j:07...,|5‘f,:|,iel (8%), (57 ser » } be an optimal solution of RM P,

for the variables in E. Then, constraint (4.17) for RM P, is given by:

(zz B S Sy P )w*

n=1 t=1 i€l t=1
S/ N T T
! (Z s+ Y5 Nt — 33 5) 9
j=1 \n=1 t=1 icl peP; t=1 iel t=1
T
2k dx
o )
pGPi t=1
\gflk T
+ (Z D (= Nilpits + Blytg) + 5i2k> Xi
j=1 \peP; t=1
(0 —1) s 4 (07— 1) s = [1]+1 (4.33)
el

By constraint (4.18), the pseudo-dual prices 7, A, 85, 0'%, 67" Vn € N,p € Pyi €

I,t =1,...,T should be such that

{(XT*)J':O,...Bw ’ (X%%)j:o,...,\ggg\,iew (s). (S?*)iel ; }

is an optimal solution to the following MILP:

(IN — MILP) Max (Z Sk =Y Bh+et - M) X'

n=1 t=1 el t=1
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IS5
Z <Z 'Yntxntj + Z Z Z /\pztypzta Z Z Bha zt] (51k) X5

n=1 t=1 i€l peP; t=1 i€l t=1

T
Z Z Npitlity + Biytiiej) + 07 k) X
cp; t=1
—1)s

Sy (1) s (4.34)
i€l

Subject to:

157
Y XJTw; <0V =1,... N t=1,...T (4.35)

=0
1S3 |55
S Xty = Y Xy SO VpEPR, i€l t=1,...,T (4.36)
j=0 j=0
|54, 15|
ngljaitj—zxylaitjgo Vielt=1,...,T (4.37)
|sm
ZXJ +5°<1 (438)
\Sik
S xh+si<iviel (4.39)
j=1
X e {0,1} Vj=0,...,|57 (4.40)
i € {0,1} V5 =0,...,|S%], (4.41)
s?s2>0Viel (4.42)

Let P be the feasible region redefined by constraints (4.35)-(4.42). The following proposi-

tion shows that constraint (4.33) is always satisfied for RM P.

Proposition 4.4: If & = {(X;”)],ZO,MGIT| : (X%)j=0,...,|§fk|,iel (8%),(5D)ier } and the optimal

objective function value of RM P is |I|+1, then the constraint (4.33) is always satisfied. More-
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over, the objective function value of /N — M ILP at the optimal solution of RM P, is given
by 6% + 3., 02 — |I]-1.

Proof: If E = {(XT)jzoy---\ngl , (X%)jzo,...,|5fk|,iel (%), (83)ier s } and the optimal objective
function value of RM P is |I|+1, then in the optimal solution of RM P, X7 = 0 Vj =
{0,....,5} x=0Vj={0,....,54} i€ l,s*=1and s}* =1 Vi € 1. This solution is
also feasible to P. Thus, the objective function value of /N — M ILP at the optimal solution

of RM Py is given by:

(6% —1)s™ + > (0 = 1)sP ="+ ) 67— [1]-1
iel iel
The left hand side (4.33) for RM P, calculated by substituting the values of the optimal solution
of RM Py, is given by:

SF 4D T = (8 = 1) =) (67— 1)sP = |1]+1

i€l i€l
|

Proposition 4.4 ensures that to calculate valid pseudo-dual prices we only need to determine
a feasible solution to constraints (4.30)-(4.32) and the inverse MILP problem involving I N —
MILP. It also characterizes the objective function value of /N — M I L P at the optimal solu-
tion of RM P if its optimal objective function value is |/|41. Even though it is computationally
challenging to solve a inverse MILP problem, we will show in Section (4.4.6) that constraints
(4.30)-(4.32) and the inverse MILP problem involving /N — M ILP can be reformulated as a

LP. The following proposition further simplifies (4.34):

Proposition 4.5: If E = {(XT)]‘:O,...\S% , (X%)jzo,...,lé‘fkl,iel (7)), (83)ser s }, the optimal ob-
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jective function value of RM Py is |I|+1 and

N T T T
M >Max{ =3 Y 4k =Y k40", {ZZ—)\’;“M?’“}
i€l

n=1 t=1 icl t=1 peEP; t=1

then the objective function of /N — MILP is given by Max [(6™ — 1)s? + (3., ¢ — 1)s?]

ier %
Moreover if 6™ = 1 and 0¢ = 1 Vi € I, then the objective function value for every feasible
solution of P is equal to 0.

Proof: As the optimal objective function value of RM Py is |I|+1, in any feasible of P with M
sufficiently large, x7* = 0 Vj = 0,...,[S{"| and x§;, = 0 Vj = 0,...,|S4],7 € I. Moreover,
the objective function value of /N — MILP after substituting x;* =0 Vj =0,..., |Sm| and
XL =0Vj=0,...,[S4l.i € Iis given by Max [(6"F —1)s® + >, (62F — 1)s?], which is

equal to zero for all possible feasible values of s and s? if 6'% = 1 and 62 =1 Vi € I.

4.44 The MFG Subproblem

In iteration k + 1, the auctioneer provides MFG with the current OSF F%,, p,» and as objective
function of RM Py, is to minimize number of agents for which no bid is selected, the cost coef-
ficient for each bid in RM Py, 1s 0. Therefore, MFG solves the following problem to identify

a bid with negative reduced cost.

(P_MFG)Min —F}yp (B (4.43)

MFG Constraints (4.44)

Table 4.4 describes the parameters and decision variables in the MFG constraints, which are

given by:
xptgypithENm.PZ‘, rel, t=1,....T (445)

69



Table 4.4: Description of Parameters and Variables in MFG Constraints

Parameters Description
fra Fill rate of product n
EST, MFG estimation of the factory capacity required by new product p in its development process.
Variables Description
Tt Fraction of factory capacity used to manufacture product n in period ¢
Qg Fraction of factory capacity allocated by MFG to PDG; in period t.
Ypit Binary variable equal to 1 if MFG manufactures new product p of PDG; in period ¢ and 0 otherwise.
N
n=1 i€l
T T
E Tt > g frnDpe Yn e N (4.47)
t=1 t=1
t
Y air >y (EST)yp Viel t=1,...T (4.48)
T=1 pEP;
v €{0,1} pe P, icl, t=1,...,T (4.49)
Tp,a €[0,1] Vne Njiel,t=1,...,T (4.50)

Constraints (4.45) ensure that MFG doesn’t manufacture the new product p until the binary vari-
able y,;; 1s equal to 1 i.e., all its development activities have been completed by the appropriate
PDG, while (4.46) ensure that total available capacity in each time period is not exceeded. As
S-MKT communicates fill rate and demand of each product to MFG before the auction, con-
straints (4.47) ensure that the fill rate of all products is met. £.ST), is defined as MFG’s estimate
of the fraction of factory capacity required by new product p in its development process and
constraints (4.48) ensure that MFG cannot manufacture a new product p in period ¢ until it
has given E.ST, units of factory capacity to the PDG developing product p in the time periods

preceding t. Using (4.15), we write —FEMPk (B}") as

N T T T
Z ZWgtxnt - Z Z Z )‘];itypt + Z Z Bﬁait — o' — Qy' (4.51)

n=1 t=1 i€l peP; t=1 t=1 el

where (Q}' denotes the optimal objective function value of the following integer program:
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N T T
Qr = Min (zzm 255—5”‘“+M>Xo

n=1 t=1 i€l t=1

IS¢l sy N T

+ (Z PIREATED DD Z Nyitbpits + ) Z il — 6”“) Xj (452)

7j=1 \n=1 t=1 i€l peP; t=1 i€l t=1
Subject to:
1S
> X =1 (4.53)
j=0
1S3
ij T > T Yn=1,... N t=1,...,T (4.54)
sm
ijyptj_ymt Vpe P, 1el, t=1,...,T (4.55)
IS}?\
ij ayp; = ag Yiel t=1,....,T (4.56)
=0
Xj €{0,1} Vj={1,2,3,...,|5"} (4.57)

As Q)" is the optimal objective function value of an integer linear program, the MFG sub-
problem can be solved as a Mixed Integer Bi-level program. The upper level problem of this
Bi-level program involves the minimization of (4.51) subject to the MFG Constraints (4.45)-
(4.50) while the lower level problem is given by the integer linear program solved to determine
Q7 as stated in (4.52)-(4.57).

We interpret the pseudo-dual prices v¥, as the cost to MFG of allocating complete factory
capacity in period ¢ for manufacturing product n, A’;Z-t as the incentive paid to MFG by S-MKT
for manufacturing new product p developed by PDG; in period ¢ and 3% as the cost to MFG of
allocating complete factory capacity to P DG in period ¢. Thus, given a feasible solution to the
upper level problem, the lower level problem selects a minimum cost bid that has been submitted

previously by MFG in which it manufactures as much of each product n in each period ¢ as in
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the feasible solution from the upper level constraint (constraint (4.54), doesn’t produce a new
product p under development with P DG in period ¢t if it is the same in the feasible solution
from the upper level problem (constraints (4.55)) and allocates as much capacity to PDG; in
each period ¢ as in the feasible solution from the upper level problem (constraint (4.56)). We
call the previously a submitted bid that satisfy constraints (4.54)-(4.56) as an equivalent bid
to the upper level solution. Consider constraints (4.55) for some p, 7, ¢; if the feasible solution
to the upper level problem has y,;; = 0, then the lower level problem will select a previously
selected bid with gp;,; = 0. Similarly, if the feasible solution to the upper level problem has
a;; = 1 orx, = 1, then due to constraints (4.56) or constraints (4.54), the lower level problem
=1

mo—=1orz™

will select a previously selected bid with az}; nt;j

However, if MFG has previously not submitted a bid with g, = 0, aj; = 1 or Z;3; = 1, the

itj ntj

lower lever problem will be infeasible. Moreover, if in all bids previously submitted by MFG

a;p; = 0, then due to constraints (4.56) of the lower level problem, MFG will never submit a

new bid with @]} > 0. This may prevent the ICA from reaching a final solution where a bid

from every PDG is selected. To overcome this problem, we add the 0" bid for MFG as stated
in (4.30) with large M cost coefficient in the Restricted Master Problem.

Under the given set of pseudo-dual prices, only bids with negative reduced cost are accept-

able to the auctioneer. The following proposition characterizes the solution of the lower level

problem if MFG calculates a bid with negative reduced cost.

Proposition 4.6: If MFG calculates a bid with negative reduced cost, then the optimal solu-
tion of the lower level problem is xg* = 1 and x7' = 0 Vj # 0.

Proof: We will prove this proposition by contradiction. Let us assume that MFG calculates a bid
with negative reduced cost and the optimal solution of the lower level problemis x;* =1 [ # 0

and x7' = 0 Vz # [. Then,

N T T T
Q) = Z Z %’;tx?tl - Z Z Z /\];itygiltl + Z Z 55&“?&

n=1 t=1 i€l peP; t=1 t=1 el
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and the reduced cost using (4.51) is given by:

N T
Z Z Tt (Tnt = Thy) Z Z Z /\pzt Ypit — Ypir) T Z Z Bii(aw — ajy) (4.58)

n=1 t=1 i€l peP; t=1 t=1 iel
However,
SN Akw —ay) >0 dueto 4f, <0 and (4.54) (4.59)
n=1 t=1
T
= AE (Yot — yi) >0 dueto AE, <0 and (4.55) (4.60)
icl peP; t=1
T
D) Bilaiw —ajj) = 0 dueto B <0 and (4.56) (4.61)
t=1 €l

From (4.59)-(4.61), we conclude that reduced cost given by (4.58) is non-negative, which is a

contradiction.
[ |

Proposition 4.6 states that if MFG calculates a bid with negative reduced cost, then in the
optimal solution of the lower level problem, the 0" bid is selected and the reduced cost of that

bid is given by:

T
ZZ%‘% Tur = 1) = Y Y Y N (i) + ZZ Flag —1) — M (4.62)

n=1 t=1 i€l pePR; t=1 t=1 el

Thus, with M large enough, the reduced cost stated above is negative. Moreover, if MFG cal-
culates a bid with negative reduced cost, then for the feasible upper level solution for that bid,
their exists no previously submitted bid by MFG that is equivalent to the new bid. Otherwise,
the previously submitted bid will result in lower objective function value of the lower level
problem due to the positive M term in the cost coefficient of x'. Moreover, as the new bid
is different (non equivalent) from previous bids submitted by MFG, it improves the auction-

eer’s knowledge of the capabilities of MFG which is helpful in driving the ICA towards a final
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solution in which a bid from every PDG is selected.
Q' can be interpreted as the incentive to MFG for calculating a non equivalent bid distinct
from those previously submitted. For the given set of pseudo-dual prices, if MFG calculates bid

with negative reduced cost then from Proposition 4.6, we get

N T T
FE D mtd ) Bt M

n=1 t=1 iel t=1

which is positive due to the lower bound on M stated in Proposition 4.5 and high for large
value of M. Alternatively, if MFG is unable to calculate a bid with a negative reduced cost, a
previously submitted bid will be selected as the optimal solution of the lower level problem,
resulting in a Q7" value which will be matched by the cost of the upper level problem. This is
because all previously submitted bids are feasible to the upper level problem, resulting in an

optimal objective function value of the bi-level program equal to 0.

4.4.5 The PDG; Subproblem

In iteration k + 1, the auctioneer provides PDG; with F,, p,» and as the cost coefficient for
each bid in RM Py, 1s 0, PDG;, solves the following problem to determine a bid with negative

reduced cost.

(P_PDG;) Min _ﬁEMPk (Bi%) (4.63)
subject to:
PDG,; Constraints (4.64)

where P DG constraints are given by (3.10)-(3.22). Moreover, using (4.15), we write —FE MP, (B&)

as:

T T
DD Mtin = ) Bl — 67 — Q4 (4.65)
t=1

pEPR; t=1
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where Q¢ is given by the optimal objective function value of the following integer program:

= Min (ZZ pit 5i2k+M>X§lj

peP; t=1
+ Z <Z Z zty:mtj zta’LtJ) 5%) X;’ij (4.66)
= peP; t=1

Subject to

|55

> =1 (4.67)
7=0

155,

ZX%gpit]’ >yn VpeEF;, t=1,...,T (4.68)
7=0

15¢|

> X <aw Vt=1,...T (4.69)
7=0

x4 €{0,1} vi=1,...,|S¢] (4.70)

As Q% is the optimal objective function value of an integer linear program, the PDG; sub-

problem can be solved as a Mixed Integer Bi-level program. The upper level problem of this

bi-level program involves the minimization of function (4.65) subject to the P DG; Constraints

(3.10)-(3.22) while lower level problem is given by the integer problem solved to determine
4 stated in (4.66)-(4.70).

For PDG;, we interpret the pseudo-dual prices )\’;it as the cost to PDG; of finishing the
development of new product p in period ¢ and 3% as the incentive to P DG, for utilizing total
factory capacity in period ¢. Thus, given a feasible solution to the upper level problem, the
lower level problem selects a minimum cost bid that has been submitted previously by PDG;
in which it finishes the development of new product p as early as given in the feasible solution
from the upper level problem (Constraints (4.68)) and utilizes no more factory capacity in each
period ¢ than in the feasible solution from the upper level problem (Constraints (4.69)). We call

a previously submitted bid by P DG; that satisfy constraints (4.68)-(4.69) an equivalent bid to
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the upper level solution.

Similar to the MFG subproblem, if P DG; has previously not submitted a bid with g,,;;; = 1
or a;; = 0 and the feasible solution to the upper level problem has y,,;; = 1 or a;; = 0, then the
lower level problem will be infeasible. Moreover, if in all previously submitted bids by PDG;,
Upit; = 0, then due to constraint (4.68) of the lower level problem, PDG; will never submit
a new bid with ¢,;; > 0. This may prevent the ICA from reaching a final solution where bids
from all PDGs are selected. To overcome this problem, we add the 0" bid for PDG; as stated
in (4.31) with large M cost coefficient in the Restricted Master Problem.

Under the given set of pseudo-dual prices, only bids with negative reduced cost are accept-
able to the auctioneer. The following proposition characterizes the solution of the lower level

problem if P DG calculates a bid with negative reduced cost.

Proposition 4.7: If PDG, calculates a bid with negative reduced cost, then optimal solution
of the lower level problem is xj, = 1 and x{; = 0 Vj # 0

Proof: Similar the proof of Proposition 4.6

Proposition 4.7 states that if PDG,; calculates a bid with negative reduced cost, then in the
optimal optimal solution of the lower level problem, the 0" bid is selected and the reduced cost

of that bid is given by:

T

T
DD Ml Z it (i) 4.71)

peEP; t=1 t=1

Thus, with M large enough, the reduced cost stated above is negative. Moreover, if P DG; cal-
culates a bid with negative reduced cost, then for the feasible upper level solution at that bid,
their exists no previously submitted bid by P DG; that is equivalent to the new bid. Otherwise,
the previously submitted bid will result is lower objective function value of the lower level

problem and there is a positive M term in the cost coefficient of 4. Thus, the new bid is differ-
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ent (not equivalent) from previously submitted bids by P DG, which improves the auctioneer’s
knowledge of its capabilities, which is helpful in driving the ICA towards a solution in which
a bid by MFG and all PDGs is selected.

Q¢ can be interpreted as the incentive to P DG for calculating a non equivalent bid to the
ones that were previously submitted. For the given set of prices, if PDG; calculates a bid with

negative reduced cost, from Proposition 4.7, we get

Q Z Z pit 52k M

pePR; t=1

which is positive due to the lower bound on M stated in Proposition 4.5 and high for large value
of M. Alternatively, if P DG; is unable to identify a bid with negative reduced cost, a previously
submitted bid will be selected as the optimal solution of the lower level problem, resulting in
a Q% value which will be matched by the cost of the upper level problem. This is because all
previously submitted bids are feasible to the upper level problem yielding in optimal objective

function value of the bi-level program equal to 0.

4.4.6 Calculation of Iy, P,

With E and K defined in Section 4.4.3, we need to determine pseudo-dual prices ¥, )\’;m -,
5%, 028 ¥n € N,p € P;;i € I,t = 1,...,T by calculating a feasible solution to constraints
(4.30)-(4.32) and the inverse MILP problem involving IN — MILP. In this section we will
show that a valid set of pseudo-dual prices can be determined by solving a LP. We initialize
our method in the same manner as the cutting plane algorithm of Wang (2009) for solving

an inverse MILPs by reformulating constraints (4.30)-(4.32) and the inverse MILP problem

involving /N — M ILP as the following Linear Programming Problem (M1).

(M1) Min0 (4.72)

subject to :
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Ak <O0VneN t=1,...,T

k
Apzt

<0VpePR, Vielt=1,...,T
f<0ielt=1,...,T

6 —1<é* Viel

51k —1< 51]9
N T T N T T
~ k Lk Slk k k 1k
_§ E Tnt — § zt+5 2_5 § Int — § zt+6 -M
n=1 t=1 icl t=1 n=1 t=1 i€l t=1
N T T T
2k = N k~ 1k
- E E TntTntj + § /\ptypztj E E iwaej + 0
n=1 t=1 icl peP; t=1 iel t=1

N T T
> =) > it D Apilpiti — Y Z Bhay; + 6% Vi=1,...,

n=1 t=1 i€l pePl; t=1 el t=1

T
> A+ W>Zz:%t$=Mw@[
peEPR; t=1 peEP; t=1
T
S5 A+ X3 B+
peEP; t=1 pePR; t=1
>ZZ ’\pztyplta+zzﬁtaltj+5§k Vi=1,...,[5]iel
peEPR; t=1 el t=1
51k+25i2k—\ —1> (0" —-1)3 +Z (62 —1)8 V¥ 5 eP
iel iel
’S/Tkz:h z]ff7/\];zt751k7$i2k20 \V/TLEN, pePi> ie]’ t:]‘”T
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(4.73)
(4.74)
(4.75)
(4.76)

(4.77)

(4.78)

|1Si|
(4.79)

(4.80)

(4.81)
(4.82)

(4.83)

Constraints (4.73)-(4.75) are identical to constraints (4.30)-(4.32), while constraints (4.76)-
(4.81) are the dual constraints for the LP relaxation of P, which gives the feasible region of
the IN — M 1LP. As the optimal objective function value of RM Py is | 1|41, constraint (4.82)
ensures that the objective function value of the /N — M I L P at the optimal solution of RM P
is greater than or equal to the objective function value for all the feasible solutions of IP. The

left hand side of (4.82) is due to Proposition 4.4 while the right hand side is due to Proposition



4.5.
As we only need a feasible solution of M1, we will choose its objective function such that
it helps in rapidly determining a final solution in which a bid for all agents is selected. If PDG;

calculates a bid with negative reduced cost, then from (4.71), its reduced cost is given by:

T

T
Z Z )‘];it(ypit Z i (ait)

peEP; t=1 t=1

In order to induce bids from P DG, in which it completes development activities for each prod-
uct under its development as soon as possible, constraints (4.75) and (4.74) imply that we should

choose higher values of 3% and lower values of A%,

it~ Lherefore, we solve the optimization prob-

lem Mla.

(M1a) Mm{MaX {eb A ” (4.84)

i}
pit pzt ittt peP; iel t=1,..., T}

Subject to:

Constraints (4.75) — (4.85)

where ef.. fF > 0Vp e P,i e It=1,...,T. Similarly, if MFG calculates a bid with

pity

negative reduced cost, then from (4.62) its reduced cost is given by

N T
Z Z ’Yst(mnt - 1 Z Z Z /\pzt ypzt + Z Z it azt M

n=1 t=1 i€l peP; t=1 t=1 iel

As the fill rate constraints (4.47) in the MFG subproblem ensure that MFG reserves a minimum
amount of factory to manufacture products that generate revenue, we focus on eliciting bids
from MFG in which more factory capacity is allocated to PDGs in each period. Therefore,
due to Constraints (4.73) and (4.75), we should decrease 3% and increase +*, in each period.
Consequently, we solve the optimization problem M 1b:

(M16) Min{Max {gh8% ~ W%} cvicr i r ) (4.85)

.....
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Subject to:

Constraints (4.75) — (4.85)

where g, hE, >0 Vi€ I, n € N, t € T.In our implementation of OMG-ICA, we alternate
between these objective functions at different iterations.

In Theorem 2 of Wang (2009), it is shown that an algorithm for solving inverse MILP based
on iteratively solving M1 by adding constraints of type (4.82) for different feasible solutions
of P will terminate in a finite number of iterations. However, such an algorithm might be com-
putationally expensive as there may be many feasible solutions of P. Based on the problem we
are solving, we will now derive a method to solve M1 that is computationally cheaper.

Let U be the feasible region defined by the following set of constraints:

W <OVneNt=1,...,T (4.86)
Ny <0VpePR, Yiel t=1,...,T (4.87)
k<0ielt=1,....,T (4.88)
6k —1<6* Viel (4.89)
I 1 < G (4.90)
T
- ZZ% DY ot ZZ% ZZ oM @I
n=1 t=1 el t=1 n=1 t=1 el t=1
Z iy + DD Z Nt = Z Biay + o'
n=1 t=1 i€l pePl; t=1 i€l t=1
N T T
> = Z Z%ﬁtintj + Z Z Z )‘];itgpitj - Z ZBZGZU +ot Vi=1,..., |S£1|
n=1 t=1 i€l peP; t=1 iel t=1
(4.92)
> Z My + 078 >N Z A+ 62— M Viel (4.93)
peER; 1=1 peP t=1
> Z Nl + Z Blsaas + 6"
peP; t=1 peP; t=1
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T t
>3O NG+ YD Bhaa 67 Vi=1,..., |5 i€l (4.94)

peEP; t=1 i€l t=1
S R~ [I]-1>0 (4.95)
el
ﬁ/nﬂ Azzft?;\];it?glk?&?k 2 0 Vn € N7 D E 132'7 (&S [7 t= 1,...,T (496)

Constraints (4.86)-(4.94) are same as constraints (4.73)-(4.81) of M 1. However, we have re-
placed the multiple constraints in (4.82) with a single constraint (4.96). We will show that with
non-linear objective functions (4.84) and (4.85), U gives the same feasible region as constraints
(4.73)-(4.82) of M1.
Consider the following optimization problem with objective function (4.84), constrained by
the set U:
Min {Max {egit)‘lgit — fiB peP;iclt=1,..., T}

subject to:

{Ak Ney, B, 0,62 eUVReN, peP, iel, t=1,...,T

pity
Linearizing the objective function of this optimization problem, yields the following LP M 2:

(M2) MinY
subject to:
{Ak N, B, 015,67 eUVReEN, peP, iel, t=1,...,T (4.97)

pity Mty Ve 9 Ve

kAN — fEBE <Y Wpe P Vicel t=1,...,T (4.98)

pit\pit

Similarly, by linearizing the optimization problem with objective function (4.85), constrained

by the set U, we get the LP, M 3:

(M3) MinY
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subject to:

{AF Moy, BE 015 6% eUVReEN, pepl, iel, t=1,...,T

pity Mty Vi 0 Vi

gEBE —hEAk <Y WYneNielt=1,...T

The following propositions show that //2 and M3 are unbounded.

k k
pits J it

Proposition 4.7: If e
Problem M2 is unbounded.

Proof: U is nonempty as 0 € U. constraints of the dual of M2 are

Eid
> XPTuy=0Vn=1,.. Nt=1..T
§=0

5| 5]

—ngnﬂpitj—l-Z)(%?)pitj—l—e’;ithit20 Vpe P, 1€l, t=1,...

J=0 j=0
IS¢ 15|

S X+ X~ Y il >0 Viel t=1,..T
Jj=0 j=0 pEP;

1S™

DX+t +n=0

7=0

IS¢

Sl +sitn=0Viel

7=0

Y S

1€l ieP; t=1

XJ>0Vji=0,...,|5"
X =20Vji=0,...,[S" iel

s%,80n>0,0,, <0VpeP, icl, t=1,...,T

(4.99)

(4.100)

>0pe P, 1e€l, t=1,...,T then the Linear Programming

(4.101)

(4.102)

(4.103)

(4.104)

(4.105)

(4.106)

(4.107)
(4.108)

(4.109)

From (4.104) and (4.105), we deduce that in any feasible solution of the dual, x/* = 0 Vj and
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ij = 0 Vi, j. Substituting these values into (4.102) and (4.103), we get:

by >0 VpePR, ielt=1,..T (4.110)
Y fibu<OVielt=1...T (4.111)
pEPR;

As eF

pity

* > 0and6,; <0, from(4.110) and (4.111) we get0,, =0 Vpe B, i €I, t =
1,...,T which is inconsistent with constraint (4.106). Thus, the dual of M2 is infeasible and

M2 is feasible, So, by the weak duality theorem, M 2 is unbounded.

Proposition 4.8: If gk h*, >0 Vn € N, i € I, t = 1,...,T, the Linear Programming
Problem M3 is unbounded.

Proof: U is nonempty as 0 € U. The constraints of the dual of M 3 are:

1571
S X T+ Y b0 >0 Vn=1,.. N t=1..T (4.112)
7=0 el
|5 15¢]
m— d ~ . .
= N Gpig + > Xty =0 ¥pe P, i€l t=1,...,T (4.113)
j=1 j=1
154 il
=) X+ Y XA+ Y gt >0 Vi€l t=1,....T (4.114)
7=0 7=0 neN
|5
DX+ =0 4.115)
j=1
154
S xb+si+n=0Vviel (4.116)
7=0

T
> 2D ba=1 4.117)

neN el t=1

X5 >0Vj=0,...[5" (4.118)
XL =20Vji=0,...,[S"iel (4.119)
2,550 >0,0,, <0OVpePR, icl, t=1,...,T (4.120)
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From (4.115) and (4.117) we get that in any feasible solution of the dual, xj* = 0 Vj and

ij = 0 Vi, j. Substituting these values in (4.113) and (4.114), we get:

> bbby >0Vn=1,... Nt=1..7T (4.121)
el
S b =0Viel t=1,...T (4.122)
neN

As gk hE > 0and 0,; <0, from (4.121) and (4.122) we get 0,;; =0 Vn € N, i €I, t =
1,...,T which is inconsistent with constraint (4.117). Thus, the dual of M3 is infeasible and

M3 is feasible. Therefore, by the weak duality theorem )M 3 is unbounded.

As M?2 and M3 are unbounded minimization problems, we bound these LPs from below

by adding the following constraint:
Y >V (4.123)

where V' < 0. We name the LPs M2 and M 3 with (4.123), M4 and M 5. Figure 4.4 summarizes
the process that yielded M4 and M5. We start by LPs M1a and M1b in which we substitute
constraints (4.82) with (4.95) to yield M2 and M 3, respectively. In M2 and M 3, we add con-
straint (4.123) to get M4 and M5, respectively. Now, the following theorem shows that /4
and M5 give valid pseudo-dual prices for RM P.. Specifically, we show that constraints (4.82)
in M1 and constraints (4.95) are the same due to objective functions (4.84) and (4.85). In the

following proof we assume that

N

T T T
M>Max | =D % %= 3 !Hé”ﬂ{ZZ(—A’;u)H?’“} A 1+2
iel

n=1 t=1 el t=1 peEPR; t=1

(4.124)
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Substitute constraints (4.82) with (4.95) Add constraint Y < V'
M1la M2 M4

Substitute constraints (4.82) with (4.95) Add constraint Y <V
M1b M3 M5

Figure 4.4: Development of LPs M4 and M5

where first and second term is due to Proposition 4.5 while the fifth term ensures that bids
Bi* and B, Vi € I are not selected in any optimal solution of RM P,
Theorem 4.5: M4 and M5 give valid pseudo-dual prices for RM P
Proof: 1f there exists an optimal solution of M4 and M5 with §'* = 1 and §?* = 1 Vi, then by
Proposition 4.5, we know that the RHS of constraint (4.82) is equal to 0 for all feasible solutions

of IP and therefore, (4.82) and (4.95) will be the same.

. 1k __ 2k __ . . k _
M4 :Weset 0 =1lando?* = 1Viel.LetV < mm({—em}pePZ_JE“:1 ..... Y =V,
by = kL b= 0,95 =0ME, = 0,85 =0,4F, =0,0% =0,0% >3, >, ;—V +1and

from (4.128) we get M > ((Zpep SeL X+ 1) : |I|+2>
: Cpit il

For these values of the pseudo-dual prices and parameters,

* (4.86)-(4.88) are satisfied.
* (4.89)-(4.90) yield 6™ > 0 and 6¢ > 0.
* (4.91) is satistied as M > 1.

* (4.92)isalsosatisfiedas ), , >

peEP;

P

77777

N = %,gpm €{0,1} Vj=1,...,|S"Vpe P iel,t=1,....,Tand (Jpir;),_,

0 vpepza 72.6-[7 ]:1”|§m|

- (4.93)is satisfied since >° . p S0 —A 40— M =3 3 X +1-M <0
T —
as M > Max ({Zpepi Yot e,;—v; + 1}i€1>

* (4.94) is satisfied because of the upper bound defined on 53’“

* (4.95) is satisfied as 6¢ = 1 and 0™ = 1.
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M5 : We set 6 = 1and 6% = 1 Vi € I LetV<mm{ 95

Y =V, A =0,805

— 2
Gitj }iel,tzl ..... T,5=1,...,|5%|,a5¢;>0)

. T _
:%ﬁ,'yﬁt:O,)\’I‘jt:O,ﬂﬁ:O,’yﬁt:(),(slkzzielzt 1 gk + 1,

628 = 0 Vi € I and from (4.128) we get M > (Ziel ST ;—,_Y +1, |I|+2>

* (4.86)-(4.88) are satisfied.

* (4.89)-(4.90) yield 6'F > 0 and 62* > 0.

* (4.91) is satisfied as

_ZiGIZtT=1 5+51k—M:—Zi€I thlg—‘%;+1—M<0as

T —
M > Zie[ Zt:l g_g + L.

* (4.92) is satisfied because of the way 1% is defined.

* (4.93) is satisfied as

* (4.94) is satisfied as

M>1.

Y oier Zt | Bhay; < —1. This is because
—gk V
V< mm{ i , Bh=—
Qitj i€Lt=1,...,T,j=1,...,| 59|41, >0) 9it

and (gt )1—1

.....

* (4.95) is satisfied as

r#£0Viel,jel,... |59

6% =1and 62 = 1.

Based on the pseudo-dual prices calculated in Theorem 4.5, 7%, =0 Vn € Nt =1,..., T in

M4and M5, Ay, =0 Vpe Pyielt=1,..., TinMband 8 =0 Vie [,t=1,...,Tin

M4. Therefore, we set M

> D e 2pep; S"i_1 — Ak, to ensure that the reduced cost (4.62) is

negative. Thus, from Theorem 4.5 and (4.124), we set:

M > ZZZ

i€l peP; t=1

(ZZT+1> ,ZZ—+1\I!+2 (4.125)
plt el

peP; t=1 Cpit iel t=1 Yit
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4.4.77 MILP For Intermediate Solution

As shown in Proposition 4.3, any feasible solution to RM P, has objective function value of 0 or
|7|+1. This means that a solution to R P, will either yield a feasible solution where a bid from
MFG and all PDGs is selected or the feasible solution where no bid from any agent is selected.
Therefore, we solve the following MILP, M — RM P, in the k' iteration to determine an

intermediate solution where a bid from MFG and bids from some of the PDGs can be selected.

(M — RMPy) Mins®+ > s?+ Mxg + > My, (4.126)
i€l el
subject to
|15
T = Y X[ T, =0VneN\P, i€l t=1,..,T (4.127)
j=1
1571
7j=1
Ed 1541
SN Tts =Y Xy — @ SOVpE PR, i€l t=1,..T (4.129)
J=0 j=0
IS¢ 15|
S\ Gai =Y Xlaw <0Viel t=1,...,T (4.130)
J=0 j=0
Eid
a4t =1 4.131)
7=0
IS¢
dxh+si=1viel (4.132)
7=0
157
2~ XL<O0VneNNPR Ielt=1,..T (4.133)
j=1
15¢]
Git+ > XL <IVIEI peP, Vt=1,....T (4.134)
j=1
25,s°ss>0neN, t=1,...,T (4.135)
X7 e{0,1} jel,...,|S" (4.136)
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XGef{0,1} jel,.. |8 iel (4.137)

G €{0,1} pe P, iel, t=1,..T (4.138)

While most of the constraints are the same as RM Py, there are some significant differences.
The first is in constraints (4.129) where if no bid for PDG; is selected and if the I*" bid selected
for the MFG has ¥,,; = 1, then ¢,;; = 1. Thus, these constraints ensure that bids from MFG
and a subset of the PDGs can be selected. The second significant difference is the addition of
constraints (4.133) and (4.134) which ensure that if no bid for P DG;, is selected, S-MKT cannot
sell any new product under its development and ¢,;; can only take a non-zero value if no bid

for PDG@, is selected.

4.4.8 Single Shot Combinatorial Auction for Demand Fulfillment

After OMG-ICA terminates, the new product introduction time periods and factory capacity
allocated to PDGs in each period are fixed, but it is possible that not all factory capacity al-
located by MFG to PDGs is utilized. The excess can be utilized to manufacture products that
generate revenue. Thus, we propose a single shot combinatorial auction between S-MKT and
MFG where S-MKT provides MFG new product introduction time periods, factory capacity
allocated to PDGs and v,,; > 0 Vn € N,;t =1,...,T. v, is the incentive MFG gets for allo-
cating complete factory capacity for manufacturing product n in period ¢. Following this, MFG
solves the LP, S1 to determine a production schedule, () o such that its incentive is

maximized. This incentive can be viewed as a side payment from S-MKT to MFG for eliciting

a production schedule that maximizes demand fulfillment.

T
(S1) Max ) Y v (4.139)
neN t=1
Subject to:
Tt <TUnt VRmENNP, i€l, t=1,...,T (4.140)
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Y <1 VE=1,...,T (4.141)

neN el

T T

D =Y fraDu VneN\Picl, t=1,...,T (4.142)
t=1 t=1

T T

> > (Zfran> Vne NNP iel, t=1,...,T (4.143)
t=1 t=1

T T

> <Y Dy VneN\P, icl t=1,....T (4.144)

t=1 t=1

where ¢,,;; is a binary parameter that takes the value 1 if new product n developed by PDG;
can be manufactured in period ¢ and 0 otherwise, while 7); is a binary parameter that takes a
value 1 if a bid for PDG; is selected at the termination of OMG-ICA and 0 otherwise. a;; is
the fraction of factory capacity allocated to P DG; in period ¢ at the termination of OMG-ICA.
Constraints (4.140) ensure that MFG doesn’t manufacture a new product if its development is
not complete while Constraints (4.141) ensure that the manufacturing capacity constraint is not
violated. Constraints (4.142) ensures that fill rates of all old products are met while Constraints
(4.143) ensure that fill rate of a new product is met only when the bid from the PDG developing
that new product is selected in the final solution of OMG-ICA. Constraint (4.143) bounds the

total production of a product by its total demand.

4.4.9 OMG-ICA Implementation

Figure 4.5 gives our implementation of OMG-ICA. The ICA is initiated in Step 0 with the
bids By, BY Vi € I and F},p, is calculated. In Step 1 of the k™" iteration, S-MKT conveys
Frp, , to MFG and PDGs who submit their bids S™ and S, respectively. If a bid with nega-
tive reduced cost is submitted, it is added to RM Py, to obtain RM Py, which is solved in Step
2. If no bid with negative reduced cost is submitted in Step 1 or the optimal solution of RM P,
is 0 the ICA is terminated and the algorithm goes to Step 5. In Step 3 of the ICA, M — RM P,
is solved to get an intermediate solution. In Step 4, if k is odd M4 is solved else M5 solved

to get determine pseudo-dual prices. Finally, in Step 5, after the ICA terminates, S-MKT con-
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Table 4.5: Cases in Product Development Process in Semiconductor Industry

Cases Number of Stages | Factory Capacity Requirements
Scenario 1 3 (500,100, 0)
Scenario 2 4 (500, 250, 100, 0)
Scenario 3 5 (500, 400, 200, 100, 0)

ducts a single stage auction to elicit a production schedule from MFG that maximizes demand

fulfillment.

4.5 Computational Experiment

4.5.1 Experimental Design

Our computational experiments consider problem instances with one MFG unit and four PDGs.
The total factory capacity available to MFG in each period is 5000 units. Each PDG develops
one new product that will replace an old product currently in volume production. We assume
demand of the older products goes to zero when demand for new products are realized, and that
all new products have the same introduction deadlines based on the demand forecasts. This will
ensure that we generate hard negotiation problems as PDGs must compete for factory capacity
in the same initial time periods and if MFG allocates too much factory capacity to PDGs in the
early time periods, they won’t be able to meet the fill rate for the old products.

Since the product development process can require a different number of stages, we consider
three scenarios. The number of stages and the factory capacity required for each stage in each
scenario are given in Table 4.5. Scenario 1 is the best case scenario that requires the least factory
capacity, while Scenario 3 is the worst case scenario, with Scenario 2 intermediate between
them.

In this experiment, we explore the importance of accurate knowledge of MFG regarding
factory capacity requirement in new product development. For this purpose, we assume that all

new products are under development in Scenario 3 and pr is the probability that MFG correctly
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Step 0: Initialize
using 0" bids
for MFG and

PDGs, calculate

Frapy, kb =1

MFG solves

Step 1: ﬁfmm .| PDGs solves
its bi-level Auctioneer — its bi-level
subproblem (S-MKT) UierS% subproblem

Does there
exist a new bid
with negative
reduced cost?

Yes

Step 2: Add
new column to
RMPy._; and
Solve RM P,

Is the optimal
objective
function value
of RMP, 0

Step 3: Solve
M — RM P,
to determine
intermediate
solution

Step 4: Solve
P4 if k is odd
else solve P5

to determine
pseudo-
dual prices

Figure 4.5: OMG-ICA Implementation
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estimates that a new product belongs to Scenario 3. For instance, if pr = 0.7, then with prob-
ability 0.7, MFG correctly estimates that a new product p is under development in Scenario 3

and will set EST, = 228 = 0.24 in constraints (4.48) and with probability 0.3, MFG is equally

likely to incorrectly estimate the development scenario to be Scenario 2, setting 257}, equal to

850 __ : - e0
2005 = 0-17 or Scenario 1, setting =55 = 0.12.

We consider three values of pr in our experiment: 0.3, 0.6, 0.9 and three different fill rates
(fr): 0.85, 0.9, 0.95. We obtain multiple bids for MFG and each PDG by setting the Gurobi
PoolSearchM ode parameter equal to 2 and the PoolSolutions parameter equal to » which
gives the r best feasible solutions found in the course of the Branch and Bound Algorithm. r
can also be interpreted as the maximum number of bids each agent is allowed to submit in each
iteration. We consider four different values of r in our experiment: 1, 10, 25, 50.

Wesetey, =1, fi =1 Vpe P, iel, t=1,...,Tin M4 and therefore, from Theorem

4.5 we get )\’;Z-t =V,pk=0Vpe PR, icl, t=1,...,T.AsGurobi gives the r best feasible

k

solutions found in the course of the Branch and Bound Algorithm, setting A};, equal for all time

periods will elicit bids from PDGs with diverse product completion time periods. Moreover,
Z‘jing‘ i

wesetdy, =1VYn € N, t =1,...,T and g& = = Vne N, t=1,...,T ifno

bid for PDG; is selected in the solution of M — RM Py, otherwise we set g& = ¢g5~'. From
Theorem 4.5 we get 3f = % If no bid from PDG; is selected until iteration £, this
value of 3% will discourage MIJ;G from allocating more factory capacity to P DG in period ¢ if
it has already done so in the previous iterations and will encourage it to allocate more factory
capacity in time periods that have received less allocation in previous iterations. This will lead
to the elicitation of diverse set of bids from MFG in-terms of factory capacity allocations for
those PDGs that don’t have a bid selected in the optimal solution of M — RM P.

We compare the performance of OMG-ICA with the LP based CG-ICA from Chapter 3
where dual prices are obtained from the dual of the LP relaxation of RMP. We consider two

types of LP based CG-ICA, CG-LP and CG-LP-Rev. CG-LP minimizes the number of agents

that don’t get an allocation in the RMP while CG-LP-Rev maximizes total revenue in the RMP.
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Table 4.6: Description of Performance Measures

Performance Measure Description
N _pdg Number of PDGs for which no bid is selected at ICA termination
Comp Time Computational Time in Seconds
itr Total number of iterations

% gap between the revenue earned from the production
schedule determined through the ICA and maximum earned
when the hypothetical integrated MILP solved that maxi-
mizes revenue

Gap_Rev

In CG-LP we solve M — RM Py, in each iteration to get an intermediate solution and conduct the
one shot auction at ICA termination for demand fulfilment, as in OMG-ICA. In CG—LP— Rev,
we also solve a MILP analogous to M — RM P, in each iteration to determine an intermediate
solution.

We run a full factorial design over four values of r and three values each of pr and fr.
Therefore, we analyze 36 cases with 5 random instances for each case. We use the constraint
and column generation algorithm of Zeng and An (2014) to solve Bi-level subproblems. We
execute the computational experiments on an Intel Xeon E5-2680 v2 @ 2.80 GHz processor

with 128GB RAM, Python 3.7 and Gurobi 8.0 for the maximum of 3600 seconds.

4.5.2 Computational Results

We consider four performance matrices which are described in Table 4.6. Table 4.7 compares the
performance of OMG-ICA with CG-LP and CG-LP-Rev for different values . As OMG-ICA
uses the dual information of RMP, it elicits the set of bids from MFG and PDGs that improve
the objective of RMP. Consequently, the bids from a larger number of PDGs are selected in
O-MCG than in CG-LP and CG-LP-Rev where the optimal dual solution of the LP relaxation
of the RMP is used for bid elicitation. At a result, bids submitted in these ICAs improve the
objective function of the LP relaxation of the RMP and may not be integer feasible to the RMP.

As bids from more PDGs are selected at ICA termination in O-MCG, MFG can meet the
demand of new products developed by these PDGs in its final production schedule, generating

more revenue. Thus, O-MCG performs better than CG-LP and CG-LP-Rev on the Gap_ Rev
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metric. Moreover, both CG-LP and CG-LP-Rev terminate when the optimal solution for the
relaxation of the overall capacity coordination problem has been found, resulting in low com-
putational time but a sub-optimal solution. On the other hand, O-MCG takes high computational
time as it aims to determine the optimal solution of the overall capacity coordination problem
and therefore, yields near-optimal solution.

Comparison of the performance of O-MCG across different values of r shows a trade-off
between the number of iterations in the ICA and the number of bids submitted in each iteration.
As r increases from 1 to 10, there is significant improvement in the performance of O-MCG
across all performance measures. This is because more bids in each iteration give more infor-
mation regarding the capabilities of the agents, which helps the auctioneer in rapidly eliciting
a set of bids for which the optimal solution of M — RM Pj, is closer to zero. As the auction-
eer retains all the bids submitted in previous iterations, and as additional bids are collected,
more time is spent on solving the RMP, resulting in less number of iterations in the ICA. As
r increases from 10 to 50, the performance of O-MCG on the N _pdg and Gap Rev metrics
slightly deteriorates as fewer iterations in the ICA are conducted and information in additional
bids in each iteration doesn’t significantly add to the knowledge of the auctioneer. Therefore,
we focus our subsequent analysis on r = 10.

Table 4.8 and Table 4.9 give the performance of O-MCG for different values of fr and pr.
As fill rate increases from 0.85 to 0.95, the overall capacity coordination problem becomes more
difficult and therefore, the performance of O-MCG deteriorates on both N _pdg and Gap Rev
metrics. Moreover, for fill rates of 0.85 and 0.9, more accurate estimation of the development
scenario of new products by MFG aids the auctioneer in constructing good quality coordinated
solution as shown by the decreasing values of N _pdg and Gap Rev as we move from pr =0.3

to pr =0.9 for fr=0.85 and 0.9.
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Table 4.7: Comparison of O-MCG and LP based ICAs for different values of r

O-MCG . Mean ' . Max '
N_pdg | Comp_Time (sec) itr Gap_Rev | N_pdg | Comp_Time (sec) | itr | Gap_Rev
1 1.87 3451.18 234.67 | 27.86 3 3623.85 248 | 43.15
10 0.40 1529.00 36.09 8.33 2 3683.07 81 27.76
25 0.56 1669.45 27.16 10.47 3 3724.83 53 43.15
50 0.67 2558.15 26.56 11.87 1 3789.80 37 16.27
CG-LP _ Mean . . Max .
N _pdg | Comp Time (sec) | itr | Gap_Rev | N pdg | Comp Time (sec) | itr | Gap_Rev
1 3.42 3391 8.82 | 48.89 4 41.45 10 | 56.67
10 1.91 3491 476 | 2845 3 48.03 6 43.26
25 1.87 39.40 4.02 | 27.90 3 55.49 5 43.26
50 1.22 41.71 3.20 19.30 3 78.06 5 43.15
Mean Max
CG-LP-Rev N pdg | Comp Time (sec) | itr | Gap Rev | N pdg | Comp Time (sec) | itr | Gap Rev
1 391 41.46 12.07 51.84 4 55.19 15 56.32
10 3.76 34.86 5.71 50.54 4 54.43 8 57.12
25 3.07 41.27 5.13 43.99 4 60.17 7 56.88
50 2.82 43.29 431 40.20 4 76.71 7 53.42

Table 4.8: Performance of O-MCG on N_pdg metric under different values of fr (rows) and
pr (columns) with r=10

Mean Max
03 106 |09 03] 06|09
0.85| 0.2 | 0.2 0 1 1 0
0.9 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
0.95 | 1.20 | 1.00 | 1.00 | 2.00 | 1.00 | 1.00

fr/pr

Table 4.9: Performance of O-MCG on Gap_Rev metric under different values of fr (rows)
and pr (Columns) with =10

Mean Max
0.3 0.6 0.9 0.3 0.6 0.9
0.85 6.04 | 578 | 3.56 | 15.61 | 1532 | 3.60
0.9 358 | 341 | 321 | 405 | 3.74 | 3.30
0.95 18.03 | 15.50 | 15.86 | 27.76 | 16.04 | 16.22

Gap_Rev
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4.6 Conclusion

In this chapter we design an Iterative Combinatorial Auction framework based on Subadditive
Duality of MILPs for coordinating capacity negotiations between MFG and PDGs in semicon-
ductor industry. We show that the elicited bids in the proposed CG-ICA results in lower optimal
solution of M — RM P, as compared to the bids elicited by MFG and PDGs in LP relaxation
based CG-ICA. Moreover, we show that better understanding of new product development sce-
nario by the MFG can aid the auctioneer in determining a final solution in which a bid for most
of the agents are selected.

As it is computationally challenging to solve an inverse-MILP problem to calculate OSF for
a RMP that consists of inventory balance constraints, one major future research direction is to
extend OMG-ICA to a problem where these constraints are considered, and total production cost
is minimized in the RMP. Moreover, other future research direction is to study the relationship
between the OSF based CG-ICA and existing Primal-Dual based ICAs in the literature like RAD
(Kwasnica et al., 2005), iBundle (Parkes and Ungar, 2001) and ALPSm (Bichler, Shabalin, and
Pikovsky, 2009).
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Chapter 5

Constraint Violation Reduction Search
For Mixed Integer Linear Programming

Problems

5.1 Introduction

Winner Determination Problem (WDP) is NP-hard by reduction to the set packing problem
(deVries and Vohra, 2003) and considering the large number of PDGs in a semiconductor firm,
solving WDP optimally in every iteration of the subgradient method, as required by Proposition
1 of Chapter 3, is computationally burdensome. Therefore, we present a side-payment scheme in
Chapter 4 that ensures that our proposed ICA mechanism retains its property of inducing truthful
behavior from agents, independent of the market clearing rule. Therefore, we can approximately
solve WDP once after ICA termination. We propose to solve the WDP near-optimally using
Constraint Violation Reduction Search (CVRS), a new primal heuristic for Mixed Integer Linear

Programming (MILP) problems of the form:

(M1) Minc'x (5.1)
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subject to

Az < b (5.2)
z;€{0,1} Viel ICN (5.3)
zeR! (5.4)

where N denotes the index set of all decision variables, I the set of all integer variables,
n = |N|, A is the coefficient matrix in R™*", and b and ¢ are vectors defined in R™ and
R™, respectively. Primal heuristics seek to rapidly construct near-optimal feasible solutions to
M1 using truncation or relaxation of exact methods (Joncour et al., 2010). Several such heuris-
tics have been developed (Hanafi and Todosijevi¢, 2017), many of which are based on reducing
the difficulty of M1 by replacing its objective function (Fischetti and Monaci, 2014), relaxing
the integrality requirement on certain variables (Balas and Martin, 1980; Balas et al., 2001;
Berthold, 2007), adding new constraints to M1 (Fischetti and Lodi, 2003) or some combination
of these approaches (Danna, Rothberg, and Le Pape, 2005; Fischetti, Glover, and Lodi, 2005).
Most of these modifications seek a feasible solution in a neighborhood of either a known integer
feasible solution or an optimal solution to the Linear Programming (LP) relaxation, rendering
the resulting MILP or LP subproblems easier to solve (Fischetti and Monaci, 2014).

In this chapter we investigate the idea of iteratively solving MILP subproblems of the form

M2 using a black-box MILP solver.

(M2) Min~y + 8 (5.5)
subject to

Az —~v<b (5.6)
dw—B<(1—0) (5.7)
r;€{0,1} Viel ICN (5.8)
r e RY (5.9)
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7ERY, BE€R, (5.10)

Here 7 denotes the best upper bound known at the current iteration and the parameter 6 € (0, 1),
which we will refer to as the step size, controls the desired improvement in the objective function
value of M1 at each iteration. The artificial variables v € R" and S € R in (5.6) and (5.7) relax
the original constraints and their sum, the total constraint violation, is minimized in the objective
function.

As in Phase 1 of the Two Phase Simplex method, the solution to M2 at each iteration gives
an integer solution with minimum total constraint violations while constraint (5.7) ensures that
the objective function value of M1 is reduced; hence the name Constraint Violation Reduction
Search (CVRS). For fixed values of 6 and 7, an optimal solution to M2 with objective function
value 0 yields an improved feasible solution to M1. If the solution procedure for M2 terminates
with positive objective function value, the solution found is infeasible to M1 with respect to 0
and 7, leading to one of the following two cases. In Case 1, the solution found is optimal to M2,
implying that there exists no feasible solution for M1 with objective function value less than
(1 — ) n. In Case 2, the solution found is not optimal to M2 and we conduct a neighborhood
search around this solution to find a feasible solution to M2 with objective function value zero,
which will be feasible to M1. Any neighborhood search heuristic from the literature can be used
for this purpose. Moreover, CVRS requires only an upper bound on the objective function value
of M1 for initialization.

This chapter is organized as follows: section 4.2 describes the CVRS procedure, and Section
4.3 presents our computational experiments and discusses their results. Section 4.4 summarizes

the findings and suggests some directions for future research.
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5.2 Constraint Violation Reduction Search(CVRS)

The logic of the CVRS algorithm is shown in Figure 5.1 and pseudocode is given in Algorithm
1. In Step 1, CVRS is initialized by specifying an upper bound 7 on the objective function of
M1, the desired reduction in objective function value 6 € (0, 1) for the first iteration, a condition
f(.) <K, f:R} — Ry,determining the initialization of the neighborhood search subroutine
to repair the infeasibility and a termination criteria such as a maximum relative optimality gap
and/or time limit. A higher value of # implies a more difficult MILP subproblem. The value of 6
should depend on 7, the relative gap between the lower bound or best known objective function
value of M1 and the best objective function value found by CVRS. As the algorithm proceeds
and 7 decreases,  should also be reduced to make the MILP subproblems easier, intensifying
the search around a promising solution.

In Step 2, an instance of M2 is solved for the current values of 7 and 6 using a black-box
MILP solver until either an optimal solution with objective function value of 0 is found or the
time/node limit imposed on the MILP solver expires. Let +* denote the best integer solution to
the current instance of M2 and v its associated objective function value. If an optimal solution
to the MILP subproblem M2 with v = 0 is found, then a feasible solution to M1 has been
found, and the algorithm proceeds to Step 3 to refine the solution. Otherwise, if the condition
f(z*) < K is satisfied and z* is not optimal for M2, the algorithm proceeds to Step 4 to repair
the infeasibility. Otherwise, if f(z*) > K or z* is optimal for M2, the algorithm proceeds to
Step 5 to reduce the step size 6, seeking to achieve feasibility by reducing the improvement in
the objective function value of M1. f(z*) can take various forms such as the total amount of
constraint violation at z* or the total number of constraints violated at z*, and its definition may
depend on the total number of constraints in M1 or the neighborhood search algorithm used in
Step 4. K is the allowed limit on f(.) to initiate Step 4.

If an optimal solution to the MILP subproblem is found, Step 3 refines z* by solving the
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linear program

r] = argmin {dz|Az <b x; =z} Viel x>0}

using a black-box LP solver, updates the upper bound by setting = ¢z}, adjusts the value of
6, and the algorithm returns to Step 2.

In Step 4, the selected neighborhood search algorithm is employed around z* in the solution
space of M2 to repair its infeasibility with respect to M 1. Since the neighborhood search algo-
rithm is used as a subroutine in a larger algorithm, an efficient algorithm that repairs the feasibil-
ity quickly is preferable. Local Branching (Fischetti and Lodi, 2003) and Proximity Search (Fis-
chetti and Monaci, 2014) are both good candidates, but in principle any neighborhood search
algorithm could be used. Let z;; denote the best integer solution found by the neighborhood
search and v, the associated total constraint violation. If v, = O or Az, < b & dzj < (1-0)n
i.e., an integer feasible solution for M1 with improved objective function value is found, the
algorithm sets 2* = z, and proceeds to Step 3, and otherwise goes to Step 5.

Step 5 is invoked when no integer feasible solution is found in the current iteration. This
step reduces the difficulty of the MILP subproblem at the next iteration by reducing the value
of 6 and the algorithm returns to Step 2.

CVRS carries out these steps in a while loop until some predetermined termination criterion
is satisfied. This criterion is checked after Step 3 if v = 0, after Step 2 if v # 0 and after Step 4 if
the neighborhood search subroutine is unable to repair the infeasibility. More details regarding

0 and f(.) are given in Section 5.3.

5.2.1 Proximity Search with an Incumbent

We use the Proximity Search with an Incumbent (PSI) algorithm of Fischetti and Monaci (2014)
as our neighborhood search heuristic to repair infeasibility in Step 4 of CVRS. Figure 5.2 out-
lines the logic of the PSI algorithm which is initialized with the integer feasible solution z* to the

current MILP subproblem M2 and the associated sum of constraint violations v. Let p € [0, 1]
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Step 1: Set
up M2 form
M1 using 7,
6 and f(.)

Step 2: Solve ]
M2, get * and ¥ Step 5: Reduce 6
Step 4: Run a
neighborhood
L o No is f(z*) < K search around
is v =0 and not optimal? T* to repair
infeasibility,
get z;, and v,
Yes
Step 3: refine z*,
get xy, 1 < 'z, T )
update 6 \—1

Figure 5.1: Algorithm for Constraint Violation Reduction Search(CVRS)

Algorithm 1 : Constraint Violation Reduction Search(CVRS)

Let n be the initial upper bound for the objective function value, 6 € [0, 1] be desired fractional reduction in the upper bound and f(.) < K

be the condition determining the initialization of the neighborhood search subroutine to repair the infeasibility. Set the termination criterion
for CVRS like time limit or maximum primal/dual gap.

while termination criterion is not met do

Solve MILP subproblem M2 till a termination condition is met. Let * be the best integer solution found and @ be the objective function
value of the MILP subproblem.

if v = O then
refine z* by solving the linear program
x} = argmin {c’x|Ax <bzi=z; Viel x> 0}
N+ cdaf
update 6
elseif f(z*) < K and z* is not optimal then
Run a neighborhood search algorithm around z* in the solution space of M2. Let z, be the best integer solution found by neighbor-
hood search and v, be the total constraint violations.
if o = 0or Azy <b & 'z, < (1 — 0)n then
refine =, by solving the linear program
x} = argmin {c’a:|A;v <bmi=af Viel x> 0}
n < cxf
update 6
else
Reduce 6
end if
else
Reduce 6
end if
end while
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denote the desired reduction in total constraint violation at each iteration of the subroutine.
We initialize the PSI subroutine by setting x;, = z* and v, = v. In Step 1, we replace the
objective function of M2 by d(z, x;) + My and add the constraint v + 8 < (1 — p)v, +y to

obtain the MILP subproblem M3 within the PS structure.

(M3) Mind(z,z;) + My (5.11)
subject to

Ar — v <b (5.12)
cx —B<(1—0)n (5.13)
Y B < (1-p)o,+y (5.14)
x;€{0,1} Viel ICN (5.15)
r € R (5.16)
veRY, (By) eRy (5.17)

Here M is a very large number and y ensures that M3 has an initial feasible solution z7. We solve
M3 using a black-box MILP solver and terminate the solution procedure when either the time
limit expires or an integer feasible solution with y = 0 is found, which we ensure by setting the
absolute mip gap tolerance parameter to M /2 , as suggested by Fischetti and Monaci (2014).
We adopt a moderate approach and set 1 = 0.5 in order to avoid extremely high or low values
of 1 that might make the problems difficult for PSI or result in slow convergence, respectively.
Let * denote the best integer solution found and o its associated total constraint violation.

In Step 2, if * is feasible with respect to both M1 and constraint (5.7), we terminate the
subroutine and go to Step 5 as infeasibility of x* with respect to M1 is repaired; otherwise we
go to Step 3.

In Step 3, we determine whether © < v,,. If yes, we proceed to Step 4 where we set v, = v

and z, = ". Otherwise, we proceed to Step 5 and terminate the subroutine because if Proximity
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Obtain z*, v,
n and 6 from
Step 4 of CVRS,
loop = 0,
T, 2N, 0

loop < loop + 1

Step 4: z, < *
and 7, « ¥

Step 1: Setup
and solve M3
with o = 0.5,
get * and v

is Ai* < b &
dz* < (1—0)n?

Step 3: is
U< 0y?

No

Step 2: a;, «— 3" Step 5 STOP,
and 7, < 0 return and v,

Figure 5.2: Algorithm for Proximity Search With Incumbent

Search cannot improve the incumbent solution with ¢ = 0.5, we prefer to resolve M2 with a
lower value of ¢ instead of proceeding with Proximity Search at the risk of slow convergence.

In Step 5, we terminate the subroutine and return the best integer solution found z; and
the corresponding constraint violations v, to CVRS. We run PSI for a total of [ iterations. To
determine the value of [, we assume that PSI will reduce the total amount of constraint violation
by at least half in each iteration and set [ large enough to ensure that total constraint violation
is reduced to less than a small number e. Thus, we set | = min {p| < ¢} = [log, 2], and

e = 0.01.

5.3 Computational Experiments

We implement CVRS in MATLAB 2017b and use IBM ILOG CPLEX 12.8 with default settings
(except the time limit) as our black box LP and MILP solver. All runs are executed using an

Intel Xeon E5-2860 v2 @ 2.80 GHz processor with 128GB RAM. Even though CVRS can
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be applied to general MILP models, we restrict our computational experiments to 0-1 MILPs.

Experiments with general MILP problems will be carried out in future work.

5.3.1 Test Instances

We solve 85 medium to hard instances of NP-hard 0-1 MILP problems. We expect CVRS to
give a good quality feasible solution quickly on most NP-hard 0-1 MILP problems that don’t
contain a very large number (of the order of hundreds of thousands) of constraints. Since we add
an artificial variable to the MILP subproblem M2 for every constraint in the original problem,
for problems with a very large number of constraints CVRS can result in a large increase in the

size of the solution space.

Resource Constrained Project Scheduling Problems (RCPSPs)

We solve 40 instances of single mode RCPSPs involving 90 projects available on http://
www.om—-db.wi.tum.de/psplib/getdata.cgi?mode=sm using the MILP formulation stated
in Kolisch, Sprecher, and Drexl (1992). These problems are characterized by three parameters:
Network Complexity (NC), Resource Factor (RF) and Resource Strength (RS). NC is defined
as the average number of non-redundant arcs per node in an Activity On Network (AON) graph,
each of whose nodes denotes a job in the project. Increasing NC increases the average number of
predecessors per job, reducing the number of feasible solutions, making the problems easier to
solve using partial enumeration algorithms like branch and cut. RF reflects the average resource
requirements of the project and is contained in [0, 1] with higher values indicating more resource
requirements for project completion. RS determines the average per period resource availability
and is contained in [0, 1] with lower values implying less per period availability of resources.
Table 5.1 gives the names of the selected problem instances along with their NC, RF and RS val-
ues. We consider all 10 problem instances where resource availability is highly constrained (RS
= 0.25) but the resource requirement for project completion is high (RF € {0.75,1}), resulting

in very hard combinatorial problems. The selected cases also contain instances with the most
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Table 5.1: Parameter values for RCPSP

Name NC RF RS

7909 1.5 0.75 0.25
79013 1.5 1 0.25
79041 2.1 0.75 0.25
79045 2.1 1 0.25

contrasting values of NC available in the RCPSP library. Further description of the problems
can be found in Kolisch and Sprecher (1997). We terminate CVRS if either it achieves the best
known solution for each instance (available on the same website under the link j90hrs.sm) or if
the preset time limit expires. We set the time limit of 3600 seconds for RCPSPs following the
literature (Mingozzi et al., 1998; Demeulemeester and Herroelen, 1997; Kolisch, Sprecher, and
Drexl, 1992). We calculate the initial upper bound 7 required by CVRS by solving subproblem

M2 optimally without the cutoff constraint.

Mixed Integer Problem Library (MIPLIB)

We test CVRS on 15 instances of 0-1 MILP problems available in MIPLIB (koch2011miplib)
whose optimal integer solutions are unknown. Table 5.2 gives the names of these problems
along with number of constraints (m), number of variables (n), number of binary variables (b)
and number of different type of constraints (c). We set the time limit to 3600 seconds and calcu-
late the initial upper bound by solving subproblem M2 optimally without the cutoff constraint.
We use the lower bound obtained from the Linear Programming Relaxation to calculate relative

gaps 7 in CVRS and PSI.

Capacitated Warehouse Location Problems

We solve 30 1000 x 1000 Capacitated Warehouse Location problems (CWLPs) available under
Test Set B on wpage.unina.it/sforza/test. In this case we terminate CVRS when the
time limit of 1200 seconds expires and calculate the initial upper bound by solving subproblem

M2 optimally without the cutoff constraint. We use the lower bounds given in Guastaroba and
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Table 5.2: Description of RCPSP problem cases

Name n m b c
babl 60680 61152 61152 7
rvb-sub 225 33765 33763 2
Core4872- 4875 24656 24645 4
1529

dcll 1653 37297 35638 3
ex1010-pi 1468 25200 25200 2
sctl 12154 22886 9044 4
sienal 2220 13741 11775 3
van 27331 12481 12289 3
n3700 5150 10000 5000 2
n3705 5150 10000 5000 2
n370a 5150 10000 5000 2
t1717 551 73885 73885 1
t1722 338 36630 36630 1
sing2 28891 31630 23377 5
liu 2178 1156 1089 3

Speranza (2012) to calculate relative gaps i for CVRS and PSI.

5.3.2 Performance Measure

We use the Primal Integral metric suggested by Berthold (2013) to measure the performance of

CVRS. LetT"_max denote the total run time of a primal heuristic, .J the total number of feasible

solutions found, t; € [0, 7_maz] the time at which the j'* improved solution is found and z; the

4" feasible solution. Let t; = T  and 7 denote the best known lower bound/objective function

value for M1. Since we solve only minimization problems in our computational experiment

and try to match a known best integer solution or a lower bound, the time discretization of the

Primal Integral P(T") for the problems considered in this computational experiment is given

by:

J+1
P(T) = Zp(tj—l)(tj —tj1) (5.18)
j=1
where
dr;—n
p(t;) = “2 1 (5.19)
J CiL’j
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Here ty = 0, 2 is the initial feasible solutionand ¢ ;. ; = T'_max. The Primal Integral calculates
the area under the graph of p(t) where p(t) = p(t;) if t; < t < t;;; describing the trade-off
between solution quality and time. P(T') is low if a better quality solution is found early and

higher if a better quality solution is found very late in the run.

5.3.3 Parameter Tuning

We expect PS to perform well in the neighborhood of solutions with fewer violated constraints.
Therefore we define f(.) as total number of constraints violated after the time limit on the black
box MILP solver expires. We set K = k(m + 1), where k € [0, 1] and (m + 1) is the number
of constraints in M2 (m constraints from M1 and the cutoff constraint).

Parameters that require tuning in CVRS are the step size update parameter 6 in Step 3, &,
the time limit on the black box MILP solver for the instance of M2 in Step 2 (t2me_M?2), and
the time limit on the black box MILP solver for the instance of M3 in the PS subroutine of Step
4 (time_M3). Weset ) = e

ar — 1 which ensures that § decreases with 7, making the subproblems M2 easier to solve
with each improving solution. Figure 5.3 plots 6 with 7 for multiple values of a which shows
that rate of decrease of § as 7 decreases is dependent on «. Therefore, we will tune « for our
computational experiments.

We conduct a pilot experiment using five instances from MIPLIB using a full factorial ex-
perimental design over the candidate values of 6, k, teme_ M2 and time_M3 given in Table
5.3. We omit the combinations where time M2 = time_M3 = 200 because PS is used as a
subroutine of CVRS, and focus on cases where time M2 > time M 3. We thus evaluate 45
candidate parameter combinations on each of the 5 instances for a total of 45x5 = 225 runs,
each with maximum duration of 3600 seconds. The five instances from MIPLIB used are bab |,
ex1010-pi, sctl, van, sing2 comprising diverse combinations of constraints (¢ = 7,2,4,3,5
respectively). Tuning parameters for instances with a variety of constraint types reduces the

need to tune parameters for RCPSPs and CWLPs and prevents over-tuning. We evaluate can-
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Table 5.3: Candidate Values of the Parameters

Parameter Values

« 0.2,0.4,0.6

k 0.005, 0.02, 0.05
time M2 600, 400, 200
time_M3 200, 100

didate combinations on the basis of Primal Integral (PI) and Primal Gap (x), which is given

|UB-B]|

by mx{UBLIBTT where UB is the best objective function value found by CVRS and B the best

known lower bound/objective function value. We use the optimal objective function value of
the LP relaxation of MIPLIB problems as B in the pilot experiment.

Due to scale differences in the MIPLIB problems, we compare the performance of different
candidate combinations using a rank based approach. Let Rf;l be the rank of parameter combi-
nation j for MIPLIB instance ¢ over the Primal Integral metric and R; be the rank of combina-

tion j for MIPLIB instance j over the Primal Gap metric. Let R;; = 7R.' + (1 — 7) R}

ij T €

0, 1] the rank of combination j for MIPLIB instance ¢. The mean rank R, of combination j
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Table 5.4: Cases with minimum rank for different values of

case
(v, k, time_M2, time_M3)

0.5
0.6
0.7
0.75
0.8
0.85
0.90
0.95
1.00

0.4, 0.02, 400, 100
0.4, 0.02, 400, 100
0.4, 0.02, 400, 100
0.4, 0.02, 400, 100
0.4, 0.02, 400, 100
0.4, 0.02, 400, 100
0.6, 0.005, 200, 100
0.6, 0.005, 200, 100
0.6, 0.005, 200, 100

over all 5 MIPLIB instances in the pilot experiment is given by @ Table 5.4 gives the
combinations with lowest mean rank for different values of 7 with larger values of 7 suggesting
greater significance of PI in the mean rank. Although we focus on the PI metric in this work,
we cannot completely neglect the Primal Gap matrix. As the combination with lowest mean
rank changes when we increase 7 from 0.85 to 0.9, we solve CVRS in our main computational

experiment using the combination with the lowest mean rank for 7 = 0.85 which is a = 0.4,

k = 0.02, time_M1 = 400 and time_M3 = 100,

In Step 5 of CVRS, we reduce 0 by updating « as given in Algorithm 2. Figure 5.3 shows that

this scheme moderately reduces 0 at its higher values while facilitating a conservative reduction

at its lower values.

Algorithm 2 : Scheme to Reduce « for Step 5 of CVRS

if o > 0.1 then
a+—a—0.1

else if 0 < a < 0.1 then
a+— a—0.01

else
a5

end if
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5.3.4 Computational Results and Analysis

We compare the performance of CVRS with the CPLEX MILP solver using the default settings
and the Proximity Search heuristic of Fischetti and Monaci (2014), specifically the “Proximity
Search with Incumbent” (PSI) implementation. We initialize PSI with the same initial solution,
use the same termination criterion, run time, step size update schemes and 6 reduction scheme
as used in CVRS for each problem type. We run each iteration of PSI for tsme_M1 seconds.

The CPLEX MILP solver is used with its default settings to solve the PS MILP subproblems.

Resource Project Scheduling Problems

Figure 5.4 and Figure 5.5 give the results for RCPSPs with Network Complexity (NC) values
of 1.5 and 2.1, respectively. Table 5.5, Figure 5.4(a) and Table 5.6, Figure 5.5(a) compare the
geometric mean Primal Integral (PI) of CVRS, PSI and CPLEX MILP solver after 50, 100, 150,
300, 600, 1200, 2400 and 3600 seconds while Figure 5.4(b) and Figure 5.5(b) give boxplots of
the PI obtained by CVRS, PSI and CPLEX MILP solver at 3600s. The results show that both
CVRS and PSI outperform CPLEX MILP solver in terms of PI for highly constrained RCPSPs
as confirmed by the Quade test results in Table 5.8. The statistical analysis is described in more
detail below.

RCPSP seeks to schedule J jobs of a project with minimum makespan such that precedence
and resource constraints are satisfied. Each job j has a time window [E'F}, LF;] defining the
earliest (E'F;) and the latest (LF}) time period job j can finish in any feasible schedule of the
problem. E'F; depends on the number and duration of job j’s predecessors, with more predeces-
sors leading to higher values of £'F;. LI} depends on the number and duration of successors,
and reduces with every feasible solution with lower makespan, narrowing the time window
|[EF;, LFy|.

With higher values of Network Complexity (NC), the average number of predecessors per

job increases, increasing the average EF;; of job j and narrowing the time window [E'F};, LF}].
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Table 5.5: Geometric Means of PI for RCPSPs with NC = 1.5

Algorithm 50s 100s 150s 300s 600s 1200s  2400s  3600s
CVRS 50.00 6322 75091 111.12  177.39 301.80 511.26 692.24
PSI 50.00  66.29 81.46 12535 208.33 350.02 610.69 819.06
CPLEX 50.00  82.45 110.76  173.76 289.49 493.88 877.11 1240.34

Table 5.6: Geometric Means of PI for RCPSPs with NC =2.1

Algorithm 50s 100s 150s 300s 600s 1200s  2400s  3600s

CVRS 50.00 71.80  93.48 158.26  287.536 512.43 915.89 1272.64
PSI 50.00  73.40  95.27 157.17 27549 485.56 874.59 1203.15
CPLEX 50.00  98.40 146.61 278.99 489.84 806.95 1265.73 1704.78

As RCPSPs involve binary decision variables z;;, ¢ € [E'F;, LF;| which take the value value
1 if job j is finished in time period ¢ and 0 otherwise, we expect PSI to outperform CVRS for
RCPSPs with higher NC, especially after a series of lower makespan feasible solutions have
been found. This is because it would be easier to search a feasible solutions in the neighbor-
hood defined by the incumbent lowest makespan solution in terms of the Hamming distance,
as narrow time windows [E'F;, LF};| would constrain the number of feasible 0-1 switches. On
the other hand, for lower values of NC that yield wider time windows [E'F;, LF}], we expect
CVRS to outperform PSI in terms of Primal Integral as it doesn’t explicitly use a neighbor-
hood search framework but instead searches over a diversified search space while reducing the
difficulty of the MILP subproblems, allowing it to construct a better quality solution. Figure
5.4 and Table 5.5 show that CVRS outperforms PSI for RCPSPs with NC = 1.5, while Figure
5.5 and Table 5.6 shows that PSI outperforms CVRS for RCPSPs with NC = 2.1, particularly
after 2400s when a series of lower makespan feasible solutions have been found. The Quade
test results over PI values at 3600s, shown in Table 5.8, indicate that our results are statistically

significant at a w = 0.05 for NC = 1.5, but not for NC = 2.1.
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Table 5.7: Geometric Means of PI for MIPLIB Problems

Algorithm 50s 100s 150s 300s 600s 1200s 2400s 3600s

CVRS 50.00 74.08 93.18 144.16 238.65 410.69 683.27 921.26

PSI 50.00 75.02 96.26 150.41 239.83 39571 682.33 910.93

CPLEX 50.00 67.67 82.71 123.21 19526 32397 55947 764.13
MIPLIB Problems

Table 5.7 and Figure 5.6(a) compare the geometric mean Primal Integral (PI) values of CVRS,
PSI and the CPLEX MILP solver after 50, 100, 150, 300, 600, 1200, 2400 and 3600 seconds
while Figure 5.6(b) gives boxplots of CVRS, PSI and CPLEX MILP solver over PI at 3600s.
Both CVRS and PSI show similar average performance and perform reasonably well compared
to CPLEX MILP solver, as confirmed statistically by the Quade test results shown in Table 5.8,
which fails to reject the null hypothesis at w = 0.05. Table 5.7 shows that CVRS marginally
outperforms PSI before 600s while PSI marginally outperforms CVRS after 600s. However,
Figure 5.6(b) suggests that PI for CVRS has less variability than that for PSI.

The CPLEX MILP solver outperforms both CVRS and PSI because both use the optimal
objective function value of the LP relaxation to update step size parameter § while the CPLEX
MILP solver uses various MILP cuts to obtain a better lower bound. Since the lower bounds
from the LP relaxation are generally of inferior quality for NP-hard MILP problems, they make
M2 overambitious in terms of objective function value and therefore hard to solve. We expect
CVRS and PSI to give better performance if tighter lower bounds are used to update the step
size parameter 6. This will relax the right hand side of the cut-off constraint, allowing CVRS

to solve a series of easier subproblems M2.

Capacitated Warehouse Location Problems (CWLPs)

The CPLEX MILP solver for CWLPs significantly outperforms CVRS and PSI, but we solve
CWLPs to demonstrate the relationship between the characteristics of the 0-1 MILP problems

and performance of primal heuristics. CWLPs are characterized by a parameter p, the ratio of
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Figure 5.6: Results for MIPLIB problems

total capacity of all warehouses to the total demand. The higher the value of p, the higher the
capacity of individual warehouses on average, the lower the number of warehouses required
to fulfill the demand and hence the more feasible solutions. As a result, the problems become
more difficult to solve with enumerative algorithms like branch and cut at lower p values. This
explains the increasing trend for both algorithms in Figure 5.7 (a)-(f), which compares the geo-
metric mean Primal Integral (PI) of CVRS and PSI after 50, 100, 150, 300, 600, 900 and 1200
seconds for different values of p. However, as p increases, performance of PSI deteriorates
more than CVRS. This is because as fewer number of warehouses are required to fulfill de-
mand, opening of a warehouse in a feasible solution would require closing one in the incumbent
best solution making the search for a better quality feasible solution within its neighborhood
defined by Hamming distance very difficult. On the other hand, as CVRS doesn’t explicitly
use a neighborhood search framework but instead searches over a diversified search space, it

outperforms PSI.
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Figure 5.7: Results for Capacitated Warehouse Location Problems for different values of p

Statistical Analysis

In order to obtain further insight into the relative performance of CVRS, we perform the non-
parametric Quade test (conover1980practical) over PI values at 3600s for RCPSPs and MI-
PLIBs, and at 1200s for CWLPs, with level of significance w = 0.05 (maximum probability of
rejecting a true null hypothesis) to determine if our experiments provide sufficient evidence to
reject the null hypothesis that CVRS, PSI and the CPLEX MILP solver give the same perfor-
mance on the test problems. Quade test is chosen over Friedman test because it is more pow-
erful when three algorithms are compared (conover1980practical). Table 5.8 gives results of
the Quade Test with w = 0.05 through pair-wise comparison of CVRS, PSI and CPLEX MILP
solver. A Yes entry for algorithm pair (X,Y) and test problem C' indicates that our computa-
tional experiments provide enough statistical evidence to reject the null hypothesis that (X,Y)
give the same performance on the test problem C', with a No answer indicating otherwise.

The results of the statistical analysis are completely consistent with the discussion in the
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Table 5.8: Quade Test results with w = 0.05 for the test bed

Test Problem (CVRS, (CVRS, PSI)  (PSI,
CPLEX) CPLEX)
RCPSP (NC=1.5) Yes Yes Yes
RCPSP (NC=2.1) Yes No Yes
MIPLIB No No No
CWLP Yes Yes Yes

previous subsections, confirming that CVRS outperforms PSI on the difficult RCPSP instances,
matches it on the harder ones, and outperforms it on the CWL instances within the specified
time limit. It is interesting that the statistical analysis cannot confirm any significant difference
between CVRS, CPLEX and PSI on the MIPLIB instances, despite the sophisticated cuts to

which the CPLEX Solver has access.

5.4 Conclusion and Future Directions

We propose a MILP-based primal heuristic named Constraint Violation Reduction Search(CVRS)
for Mixed Integer Linear Programming Problems which can be used as both a Start and an
Improvement heuristic. The basic idea of this method comes from Phase I of the Two Phase
method for LP problems, as we solve a series of relaxed MILP subproblems using a black-box
MILP solver in which we add artificial variables to the constraints and minimize the total con-
straint violations. We also add a cutoff constraint associated with the objective function of the
original problem which ensures that the algorithm moves toward a better quality solution with
each iteration. Moreover, if a MILP subproblem is unable to find an integer feasible solution in
the prescribed time limit, we repair the infeasibility using Proximity Search as a neighborhood
search method in the solution space of the MILP subproblem M2.

We test CVRS on 85 instances of NP-hard problems: 40 problems of Resource-Constrained
Project Scheduling (RCPSPs), 15 problems from MIPLIB and 30 problems of Capacitated

Warehouse Location (CWLPs). We compare the performance of CVRS with CPLEX MILP
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solver and Proximity Search (PSI) with the same initial solution and input parameters. These
results suggest that CVRS fills a useful niche in the available suite of primal heuristics for
MILPs, performing especially well for problems where there are relatively few feasible solu-
tions, and where improving solutions are unlikely to lie in a neighborhood of a current solution
with only a few integer variables taking different values. The computational performance of
CVRS is comparable to that of PSI on the MIPLIB problems and RCPSPs with NC = 2.1, and
better for RCPSPs with NC = 1.5 and the CWL instances.

An interesting direction for future research would be to incorporate CVRS within a branch
and cut algorithm and conduct an empirical study to understand its effects on the size of the
branch and bound tree, the solution quality and the computational time. Since CVRS frequently
finds a good quality solution to very hard combinatorial optimization problems very early in the
run, we expect it to substantially prune the branch and bound tree and decrease its computational
time to reach a particular integer feasible solution. We expect the performance of CVRS to
improve if better quality lower bounds, found during the branch and cut algorithm, are used in
its implementation to update step size parameter . Moreover, we don’t expect CVRS to give
good solutions for MILP formulations with very large number of constraints as the underlying
MILP subproblems will become computationally difficult to solve, but it would be interesting
to study the application of CVRS in methods such as Constraint Generation (Wolsey, 1998)
and the Surrogate Subgradient method (Zhao, Luh, and Wang, 1999) used for solving such

problems.
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Chapter 6

Conclusions and Future Work

In this dissertation, we design iterative auction frameworks for coordinating decentralized ne-
gotiations over factory capacity in the semiconductor industry using Lagrangian Relaxation,
Column Generation and Subadditive MILP Duality. We have shown that the iterative auc-
tion frameworks give feasible solutions to the overall problem with reasonable duality gaps.
In Chapter 3, we delegate the role of auctioneer to MFG and show that the proposed iterative
auction mechanism is Bayesian Incentive Compatible under the assumption of myopic best re-
sponse if any PDG that cannot procure any factory capacity at auction termination is subject to
a heavy penalty and the WDP is solved optimally in each iteration.

In Chapter 4, we extend the model presented in Chapter 3 by allocating the role of auctioneer
to S-MKT, who this acts as a trader between MFG and PDGs. We then present an Iterative
Combinatorial Auction based on Column Generation and subadditive MILP duality and showed
that it performs better than its LP duality based counterpart presented in Chapter 3. We also
develop Constraint Violation Reduction Search (CVRS) in Chapter 5, a primal heuristic for
Mixed Integer Linear Programming problems.

Determination of the subadditive dual of the RMP requires solution of an Inverse MILP
problem, which in general is computationally challenging. Therefore, further research on de-

velopment of efficient algorithms for inverse-MILP problems will bolster the application of the
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subadditive duality based Column Generation for general MILPs. For the problem addressed
in this dissertation, an efficient algorithm to solve inverse-MILP will be useful in the calcu-
lation of the subadditive dual of a RMP that consists of inventory balance constraints while
minimizing total production cost.

Bikhchandani and Ostroy (2002) provide two extended formulations for the Winner Deter-
mination Problem consisting of exponentially many variables, both satisfying the integrality
property. One future research direction is to examine the possibility of deriving these formu-
lations using the subadditive duals of MILP. This would enable us to study the relationship
between the OSF based CG-ICA and existing Primal-Dual based ICAs in the literature like
RAD (Kwasnica et al., 2005), iBundle (Parkes and Ungar, 2001) and ALPSm (Bichler, Sha-
balin, and Pikovsky, 2009).

In this research we assume that MFG and PDGs don’t form coalitions to influence the
auction in their favour. Therefore, an extension of the present work is to design a framework
where no coalition of MFG and PDGs can collude during the bidding process to redistribute
the shared resources and improve their local objectives at the expense of firm. This will lead
to an ICA framework where it would be locally beneficial for MFG and all PDGs to coordi-
nate with all groups participating in the ICA. The major challenge of this project would be to
incorporate complementarities among divisible (factory capacity) and indivisible goods (prod-
uct introduction time periods) in a Core-selecting ICA that can be addressed by extending the
Core Constraint Generation scheme for combinatorial auctions of indivisible goods (Day and
Raghavan, 2007; Goetzendorff et al., 2015) to combinatorial exchange settings involving both
divisible and indivisible goods and the pricing schemes developed in this dissertation.

The current research on resource coordination problems assumes deterministic settings
while in practice, new product introductions are affected by multiple sources of uncertainty.
PDGs experience uncertainty in resource requirements for the development process while MFG
faces uncertainty in demand, yields and machine breakdowns. The resource coordination prob-

lem under uncertainty can be modelled as a two stage Combinatorial Auction. The first stage
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involves the resource coordination problem over a three month planning horizon, incorporat-
ing uncertainties in the models developed in the present work while the second stage would
consider week-ahead resource coordination problems where no uncertainty is assumed in the
seven days planning horizon.

The first stage problem can be solved using Robust optimization and ICA where MFG and
PDGs submit their bids according to their uncertainty sets while the auctioneer solves a WDP,
maximizing firm’s profit. MFG and PDGs can be modeled as risk averse decision makers who
manage risk via concave Von Neumann-Morgenstern (vVNM) utility curves (Morgenstern and
Von Neumann, 1953), leading them to hedge against uncertainty in terms of product introduc-
tion times and resource capacity requirements. However, the PDGs and MFG may differ in their
hedging policies as they may use different vNM utility curves and different uncertainty sets to
model the same uncertain events. Pricing and incentive schemes should encourage collabo-
ration between MFG and PDGs for information sharing purposes, minimizing the redundant
hedges through risk pooling.

The second stage ICA is conducted each week and aims to match demand and supply of
shared resources and other interdependencies for the seven days planning period such that firm’s
profit is maximized. This would enable insufficiently hedged agents from the first stage to trade
the shared resources, ensuring efficient resource utilization. In order to solve the second stage
problem, the pricing and incentive schemes developed in the present work can be extended
to the case where MFG and all PDGs act as buyers and sellers of shared resources over the
shorter planning period. Overall, the methodologies to solve resource coordination problem
with uncertainties will draw upon Iterative Combinatorial Auctions, Robust optimization and

Risk Management.
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