Benefits of Combinatorial Auctions with
Transformability Relationships

Abstract.
may benefit from introducing his transformability relatships
(some goods can be transformed into others at a transfametist)
into multi-unit combinatorial reverse auctions. Thus, weawtita-
tively assess the potential savings the auctioneer/buysr ahtain
with respect to combinatorial reverse auctions that do nasicler
tranformability relationships. Furthermore, we empillicadentify

the market conditions under which it is worth for the auction

eer/buyer to exploit transformability relationships.

1 Introduction

Consider a company devoted to sell manufactured goodsnleia
ther buy raw goods from providers, transform them into sothero
goods via some manufacturing process, and sell them toroessp
or it can buy already-transformed products and resell thewcus-
tomers. Thus, either the company buys raw goods to transftam
an in-house process at a certain cost, or it buys alreadgframed
goods. Figure 1 graphically represents an example of a coyigpa
inner manufacturing process, more formallgansformability Net-

work Structurg(TNS), fully described in [1]. This graphical descrip-

tion largely borrows from the representation of Place/$ition Nets
(PTN), a particular type of Petri Net [3]. Each circle (capending

In this paper we explore whether an auctioneer/buyer

wll(3)y wi2(7

Figure 1. Example of a Transformability Network Structure.
formation costs may eventually be higher than the cost efaly-
transformed goods.

The work in [1] addresses the possibility of expressingdfama-
bility relationships among the different assets to sejl/bao the bid-
taker side in a multi-unit combinatorial reverse auctioheThew
type of combinatorial reverse auction (the Multi-Unit Candtorial
Reverse Auction with Transformability Relationships am@woods
(MUCRACtR)) provides to buying agents: (a) a language to esgr
required goods along with the relationships that hold ambegn;
and (b) a winner determination problem (WDP) solver thatordy

to a PTNplace represents a good. Horizontal bars connecting good§tssesses what goods to buy and to whom, but also the trarsions

represent manufacturing operations, likewissnsitionsin a PTN.
Manufacturing operations are labeled with a numbedrezhd shall
be referred to agansformation relationshipé-relationshipshence-
forth). An arc connecting a good to a transformation indisahat

the good is annput to the transformation, whereas an arc connect-

ing a transformation to a good indicates that the good isw@put
from the transformation. In our example; is aninput goodto ¢,
whereagys, g7, andgs areoutput good®f ¢5. Thus,t, represents the
way g is transformed. The labels on the arcs connedtipgt goods
to transitions, and the labels on the arcs conneatutgut goodso
transitions indicate the units required of eagbut goodto perform a
transformation and the units generated atput goodrespectively.
In figure 1, the labels on the arcs connectedtindicate that 1 unit

to apply to such goods in order to obtain the initially reqdiones. It
is shown that, if the TNS representing the relationshipsrangmods
is acyclic, the associated WDP is modeled by the followirtgger

program:
min(y " xip;+ Y qee(ty)] @
j=1 k=1
Vi<i<n Zaé:rj—o—qumZzui 2)

j=1 k=1

wherez; € {0,1} V1 < j < m stands for whether bid; is
selected or notp; is the price associated to bid, g is a decision
variable taking into account how many times transformatipns

of gs, 7 units ofgz, and 1 unit ofgs are obtained after processing 1 fired, a;'- is the number of units of good i offered in bid, u; is the
unit of g». Each transformation has an associated cost every time itumber of required unit of goadm, is obtained from théncidence
is carried out. In our example, transformatincostsE 7. matrix [3] of the place-transition net within a TN8(¢) stands for
Say that a buying agent requires to purchase a certain ambunt the cost associated to transformation m is the number of bids,
goodsgs, gs, g6, g7, gs, g9, andgio. For this purpose, it may opt n is the number of different negotiated goods, and the number
for running a combinatorial reverse auction with qualifiedyiders.  of t-relationships Expression (1) minimises the sum of the costs of
But before that, a buying agent may realise that he facesiaiolec the selected bids plus the cost of the transformations ttyappd
problem: shall he buy; and transform it via an in-house process, equation (2) enforces that the selected bids plus the tramations
or buy already-transformed goods, or opt fanied-purchassolu- applied at least fulfill a buyer’s requirements. We will assua finite
tion and buy some already-transformed goods and some &fdramn  production capacity, thatig, € {0,1,...,mazr},1 < gr < 7.
in-house? This concern is reasonable since the cagt plus trans- Notice that the integer program above can be clearly regaage



an extension of the integer program associated to a Multi Coim- RFQ generation. We would like to fairly compare MUCRA with
binatorial Reverse Auction (MUCRA) WDP as formalised in.[4] MUCRAtR. With this in mind we consider that a very same bench-
Thus, the second component of expression (1) changes thallove mark — with identical bids — must be employed for both auction

cost as transformations are applied, whereas the secongocemt
of expression (2) makes sure that the units of the selectidfiblfill
a buyer’s requirements, taking into account the units caoresbiand
produced by transformations.

types. It comes out that is very difficult to provide a set af faiir for
both auction types.

As pointed out in section 1, when a buyer expresses a set of
relationships he is also implicitly stating some intrinsic relationship

The purpose of this paper is twofold. On the one hand, we quanthat hold among the goods involved in his production prac€ss-

titatively assess the potential savings the auctionegefbmay ob-
tain with respect to combinatorial reverse auctions thahatocon-
sider tranformability relationships. On the other handgnwwmirically
identify the market conditions under which it is worth foethuction-
eer/buyer to exploit transformability relationships. Shwe provide
rules of thumb for an auctioneer/buyer to help him decidenioe
run a MUCRALR instead of an MUCRA.

2 Empirical Evaluation

Our experiments artificially generate different data deéeh data set
shall be composed of: (1) a TNS; (2) a Request for QuotatiRir€))
detailing the number of required units per good; and (3) afseam-
binatorial bids. Then, we solve the WDP for each auction lemb
regarding and disregardinigelationships This is done to quantita-
tively assess the potential savings that a buyer/auctiomes ob-
tain thanks td-relationships as well as the market conditions where
such savings occur. Thus, the WDP for an MUCRA will only con-
sider the last two components of the data set, whereas the \WDP
a MUCRAUtR will consider them all. In order to solve the WDP for
an MUCRA we exploit its equivalence with the multi-dimensab
knapsack problem [4]. The WDP for a MUCRALR is modeled by
the integer program represented by expressions (1) anth(@hat
follows we describe the way to artificially generate sucladkast.

2.1 Data Set Generation

In order to create a data set, the most delicate task is aoedevith
the generation of a collection of combinatorial bids. Utifoately,
we cannot benefit from any previous methods for artificiaiperat-
ing auction data sets in the literature ([2]) since they dotake into
account the novel notion of t-relationship.

TNS generation: Firstly, we consider the creation of a TNS. As ex-
plained in the introduction, if we restrict to the case of agydic

TNS, then the WDP for a MUCRAIR can be formulated as an inte-

ger program. Thus, we shall focus on generating acyclic TidSs
our data sets. For this purpose, we create TNSs fulfillindahew-
ing requirements: (a) each transition receives a singletiage; (b)

each place can have no more than one input and one outpundrc; a

(c) there exists a place, calledot place that can only have output

arcs. Figure 1 depicts an example of a TNS that satisfies ®ich r

quirements. A distinguishing feature of our algorithm iatthsince
we aim at empirically assessing the potential savings wioasid-
eringt-relationshipsindependently of TNSs’ shapes, it is capable of
constructing acyclic TNSs that may largely differ in theiapes, and
in the combination of weights assigned to arcs. Our generate
domly constructs TNSs receiving as inputs: (1) a numberadqsn
(the number of goods); (2) a numbertatlationshipsr; (3) the min-
imum/maximum arc weight,m:» /wmae (€ach arc weight is chosen
from a uniform discrete distributiol [wymin, Wma=]); and (4) the
minimum/maximum transformation co8t.:» /cma (@ transforma-
tion cost for eaclt-relationshipis drawn from a uniform distribution
U[C77Li7l7 Cmaw])-

sider a buyer requiring 100 units of goggl. Say that hisSTNSallows

him to obtain 20 units of googd. transforming 1 unit ofy;. There-

fore, the buyer needs either 100 unitgyef or 5 units of g, (to trans-

form it into g2). Thus, providers of good: should offer 20 times
less units than providers gb.

An example of offer that rewards a MUCRAtR while penalising
an MUCRA is: 5 units of goody:. In fact this offer cannot be in-
cluded in the winning set of an MUCRA, since gogdis not even
required by the buyer in his RFQ. Indeed, a MUCRAtR can inelud
this offer in the winning set, since the 5 units @f are transformed
via the TNS. On the other hand, consider that providers aumbyrst
offers for goodg-. In this case a MUCRALR can not exploit transfor-
mations, and the outcomes of MUCRA and MUCRALR are identi-
cal, thus penalising MUCRALtR. Therefore, we need to proedair
enough bid set for both.

The solution we propose is to introduce the information abou
quantity relationships among goods directly into an RFQhdéewe
enforce that the quantities required for different goodsl kiwe quan-
tity relationships induced by the TNS. Continuing the exngtoove
involving g1 and g2, an RFQ respecting the quantity relationships
would be requiring 5 units af; and 20 units ofg.. In the actual ex-
periments, required quantities are then modulated by asgausdis-
tribution in a subsequent step, with the purpose of introdusome
randomness.

Next, we detail how to artificially generate an RFQ. This isree
sented as a sé&f = {uu,...,u,} Whereu; stands for the number
of required units of good;. Thus, generating an RFQ amounts to
setting a value for each; € U as follows. First, we compute the
number of required units of the root good;.or = unitsrrg - v.
Theunitsrrq parameter stands for the average number of units re-
quired for the root good. Next, departing from the root gooe,
compute the number of required unitsfor each remaining goog
of the TNS according to the following procedure. L&k a transition
such thaty; is one of its output goods, anthther(g;) is its single
input good. Then, we obtain; as follows:

u — Wather(e) - Mlgi,t]
|M|father(g:),t]|

where | M| father(g;),t]| indicates the units of goodather(g;)
that are input to transition; v is a value obtained from a normal
distribution N (1, crr@); andM|g;, t] indicates the number of units
of goodg; that are output by transition

Bids generation: Finally, we complete the artificial generation of a
data set by generating a set of plausible bids. Each;bi& B can be
represented as a pap;, [a;, . . ., a}]) wherep; stands for the bid
price and[ajl, ..., aj] for the units offered per good. For each bid
our generator firstly obtains the number of jointly offeresbds from

a binomial distribution with parameter fered_goods,n), (say z
goods); then it randomly selectsgoods inG (the set of required
goods). For each one of theselected goog;, the number of offered
units is obtained from another binomial distribution paedenised by

®)

1 Recall that our method to construct acyclic TNSs ensureisthiee is a
single input good per transition.



(Pof fered.units, wi). We employ binomial distributions since our aim provider P, # P;; |[M|[father(g),t]| indicates the units of good
is to maintain a proportionality relationships among: (I§ humber  father(g) that are input to transitiort; v is a value obtained
of negotiated goods and the cardinality of offers; and (8)thmber ~ from a normal distributionN (tproduction cost, Tproductioncost)
of required units and the number of offered units per goods ©  that weighs transformation costt); Mg, t] indicates the number
done since we would like to analyse separately the effecsiofi  of units of goody that are output by transitio andw, is the share
parameters on savings, and we want to avoid inter-depepdsfac  factor for goody. Notice that after applying our pricing algorithm we
fects. For instance, employing a geometric distributiomléscribe  obtainIl, ann x m matrix storing all unitary prices.
the number of offered units would implicitly create a depemy ef- Several remarks apply to equation 4. Firstly, the sharefador
fect among the number of required units and the number ofaffe output goods must satisfy’ 5wy = 1. Secondly, it may sur-
units, since increasing the number of required units woalelthe  prise the reader to realise that the value to propagate dosviiNS
equivalent effect of lowering the number of offered unitsstead, @ (7 44her(g),x) IS collected from a different provider. We enforce this
binomial distribution allows to analisegteris paribusthe effect of  crossoveroperation among unitary prices of different providers to
increasing the number of required units. avoid undesirableascading effecthat occur when we start out cal-
After generating the units to offer per good for all bids, westh  culating unitary prices departing from either high or lowitary root
assess all bid prices. This process is rather delicate whesider-  prices. In this way we avoid to produce non-competitive ard e
ing t-relationshipsif we want to guarantee the generation of plausible tremely competitive bids respectively that could be in saase
bids. In general, it is unrealistic to think of a market scemwherein  regarded as noise that could eventually lead to divertisglt Fi-
raw goods are more expensive than transformed goods. Heece, nally, from equation 4 we can readily obtain the bid price ddsid
assume that all providing agents produce goodssimalar manner b, € Basp; = >, a§ ST
(they share similar TNSs). However, goods’ prices and foans- After generating a complete data set, in a MUCRA scenario the
tion costs differ from provider to provider. In practice rquoviding Winner Determination Algorithm (WDA) shall solely focus éind-
agents use the same TNS as the buying agent, though eachsdrie ha ing an optimal allocation for the required goods, whereas MU-
own transformation costs, which in turn are assessed asatioar ~CRAtR scenario, the WDA shall assess whether an optimataidlo
of the buying agent’s ones. Thus, for each provider we comthgé tion that considers the buying agert®lationshipscan be obtained.
unitary price for each good in the TNS. Thereafter, for eadviger,  Therefore, the difference is that a MUCRAtR WDA does conside
we use his unitary prices to construct his bids. and exploit both the buying agenttsrelationshipsalong with the
Next, we describe how to calculate the unitary prices fohggod  implicit transformation cost within each bid, while a MUCRXDA
for a given provider. We depart from the value of the,: parameter,  does not.

standing for the average unitary price of the root good (b root To summarise, the parameters we must set to create a coobinat
good in figure 1 ig1). The first step of our pricing algorithm calcu- rial auction with transformation data set are reported lietd..
lates the unitary price of the root good for each provideraurie as- Table 1. Parameter settings of our empirical analysis.
sumption that all providers have similar values for suchdyddus, [ Parameters || Possible Values |
for each providerP;, his unitary price for the root good is assessed n 8 10 12 14
aS Troot,j = Proot - A, WhereX is sampled from a normal distri- um‘th,pQ 120 137 244 351
bution N (troot_price, Crootprice ). After that, our pricing algorithm TRFQ 0.05 01 0.15 02

: . : Wmin, Wmaz [2,
recursively proceeds as follows. Given a provider and a gdoose e — [10, 10] [ [100, 100] | [20,40] [ [40,80]
unitary price has been already computed, thipdpagated dowithe m 100 200 300 200
provider's TNS through the transition it is linked to towaliits output Dbidudensity 53 o oz o3
goods. We compute the value to propagate by weighting themyni Proot 50 100 150 200
price by the value labelling the arc connecting the inputdytmothe — o 3 RES 0.2
transition, and adding the provider’s particular transfation cost O production cost 0.05 0.1 0.15 0.2

of the transition. The resulting value is unevenly distréaliamong
the output goods according tosaare factorrandomly assigned to 00 E . | Setti dRrR It
each output good. For instance, consider the TNS in figuredlaan “- Xperimental Settings an esults

provider P; such that its unitary cost fogz is mg,; = €50, his  Our goal is to determine under which market conditions MUGRA
transformation cost (different from the buying agent's)oivg t2 is |eads to savings when compared to MUCRA. At this aim, we em-
€10, andws = 1. In such a case, the value to split down through pirically measure the differences in outcome cost betwetlCRA

L2 towardsgs, g7, andgs would be50 - 1 + 10 = €60. Say that  and MUCRAtR. Thus, we define th®avings IndefS1) asSI =

g7 is assigned).2 as share factor. Thusp - 0.2 = €12 would be . 1- cf‘f\lff;R;“R ); WhereCMUCRA qnd CMUCARLR g the
C % CRA il

allocated tag7. Finally, that amount should be split further to obtain osts associated to the optimal solutions found respégtiyeMU-
g7 unitary price sincavs = 7. Then, the final unitary price fog7 CRA and MUCRAIR WDAs.

is€1.7142= 2. Hence, we can provide a general way of calculat-  \yjth the aim of assessing the most sensitive parametersrath
ing the unitary price for any good for a given provider. Ligtbe a  gnect 1057, we employ a fractional factorial experiment design [5]:
provider andg a good such that? # 0. Lett be a transition such e assign to each parameter four possible values, repieseifter-
thatg is one of its output goods, anflither(g) is its single input ot grades in an increasing scale. Table 1 summarizes atbthes
good. Besides, we note & the set of output goods of Then, we a1 each parameter can take on. At each run of the expetimvent
obtainmg,;, the unitary price for goog as follows: randomly assign one out of these four values to each parargete
 Ttather(o).k - |M|[father(g), ]| + c(t) - v erating a qlata set as.detailed i.n section 2.1. Finally, wepcoet
Mgy = Mg, 1] wg (4 by assessing the optimal solutions for MUCRA and MUCRAIR.
Some remarks are in place as to how we as$dsg1) we set
Where 7y qiner(g),k 1S the unitary price for goodfather(g) for a  a time deadline (800 sec.) to solve the problem: after sunk &




elapsed, the partial solution obtained until that momecobissidered,;
(2) since we kno#that ST > 0, we will set it to 0 whenever it is
negative; (3) we exclude the runs that did not find an optimlaiteon
for MUCRA, since it makes no sense a savings comparativeisn th 15
case.

We run 5756 instances of the experiments and for each run we
sampledS1. In 150 cases (2.606%) the optimizer could not find an 5
optimal solution within the time limit for MUCRA. In 289 case 854
(5.02%) the solver could not find an optimal solution wittie time ? s !
limit for MUCRALtR. As explained above, the total number ofrsa
ples that have been considered a6 — 150 = 5606. Among
these new samples, the optimizer could not find an optimatisol
for MUCRAIR for 191 (3.407%) tests.

-=-Median
- ¢-60 percentile| /
20} |- ¢ -40 percentile| S

Figure 3. Variation of ST for different providers’ capacities.

the percentage of offered units, the larger the number afquested
goods that the MUCRA solution is likely to include; and hente
more MUCRAIR can take advantage over MUCRA by exploiting
‘ relationshipsto transform free-disposal goods into requested goods.
C1: The higher the providers’ capacities, the higher the exgect
savings when introducing t-relationships.

For this reason, when analysing the behaviolSéfwith respect
to the remaining parameters, we will differentiate two sagd)
Pof feredunits < 0.8; and (2)poffered_units =0.8.
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Figure 2. Histogram ofS1.

(a) Pof feredunits <0.8 (b) Pof fered-units = 0.8

General Observations.Figure 2 shows the histogram 6% . We ob-
serve its shape is highly skewed. From figure 2 and from thistts

in table 2 we observe that the mean and variance are not ajgimp
statistics to characterize th#l distribution. In fact, the high skew-
ness makes the median a much better and stable descriptall Fo
these reasons, we will employ theedianandpercentilestatistics in
what follows.

Figure 4. Sl with respect to the number of required units.

Figure 4 shows the variation &7 with respect to the number
of required units ¢nitsrrq). The high sensitivity ofS7 with re-
spect to this parameter can be explained analysing thearethip
between the number of required units and the arc weightslarger
unitsrrq, the larger the number of offered units (because of the bi-

Table 2. Statistics forS1. nomial distribution parametrised bydf feredunits, wi)). After ob-

Stafistic I ST | serving equation (2) we infer that the largenitsrrq, the more
rean 7.8574 fine-grained adjustments does a transformation allowsusecthe
ariance 93.1016 . . X
Range(min — max) 0-44.1959 number of output units of the tranformation is smaller ancléen
Interquariile Hange R with respect to the number of required units. In other woitlis
70 — percentile 85971 like trying to fill out bigger and bigger knapsacks using salf the

very same size every time. And hence the easier to reditdribee-
disposal goods via transformations. For instance, sayaHhatyer
In figure 2 and table 2 we observe that the savings of MUCRAtRassociates to a MUCRAIR the TNS in figure 1, with = 5,

with respect to MUCRA go: (1) up to 44%; (2) beyond 3.29% in w2 = ws = 10, andws = ws = 20, and that his final require-
50% of the cases; (3) beyond 8.59% in 30% of the cases. Next, waents (/) are: 10 units ofj> andgs, and 20 units ofy4 andgs. The
perform a sensitivity analysis in order to determine whiakgmeters  activation of the transformatiofi; can happen at most 1 time, and
most affect an auction’s outcome. an offer forg, has to be very convenient to activate it.Ufis 100
Sensitivity Analysis. Notice that the distribution depicted in figure units of g» andgs, and 200 units of4 andgs, the activation ofl
2 is bimodal: a mode around 0 and another one around 25. It its easier because it is mofiae-grainedwith respect to the number
likely that there exists a parameter that causes such a loghav  of required units. Also notice that in figures 4(a) and 4(bptusa-
parameter that is heavily sensitive. In fact, figure 3 cleaHows tion effect appears agnitsrrq increases. We infer that although
that the highest mode corresponds to providers offeringrémeme  increasingunitsgrq opens us more possibilities to redistribute of-
the 80% of the required unit®{s rered.units = 0.8)%. The larger  fered goods via transformations, there is a limit becausestorma-
tions carry a cost. Thus, our second conclusion is:

2 By definition ST > 0, since each solution of a MUCRA is also a solution
to a MUCRAIR, and thug/ MUCRALR < oMUCRA,
3 Recall thatp, f feredunits PArameterises a binomial distribution describ-

ing the number of units offered per good per provider. In ptlerds, it
characterises a provider’s capacity in the market.



C2: The finer the granularity of the transformations, the higttes C4: The more the number of transformations, the more the exghecte

expected savings when introducing t-relationships. savings with respect to a MUCRA.
4 28
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Figure 7. ST with respect to the variance of providers’ prices.

Fi 5. ST with tt iders’ transf ti t. . . .
gure Wi Tespect fo providers: transiormation cos Figure 7 shows the effect of varying the prices of goods among

The third factor significantly affectings/ is the relationship  providersg). In other wordsg; controls price spread in the market.
between the transformation costs of a buying agent with theag the difference in prices grows (larger), does alsaST grow. A
providers’ ones fproduction.cost) If fiproductioncost > 1 0N @V- reasonable explanation could be that MUCRALR is more likely
erage providers transform goods with a higher cost than the buy-penefit from a good price bid for an unrequested good, thatuler
ing agent, and the other way around Whef)-oduction.cost < 1. can afterwards transform into a requested one. The fifthlasion
Figures 5(a) and 5(b) show th&tl increases agiproduction.cost follows:

Iproduction.cost Models that in-house transformations are cheapersa\,ings_
therefore more likely to be exploited. a MUCRAIR saves WA ' To summarise, we can indeed confirm, based on the observation
spect to a MUCRA as more in-house transformations are eragloy apove, that there are market conditions (identifiedCdy C2, C3,

In such a case the sets of winning bids of MUCRA and MUCRAR ¢4, andC5) wherein it is worth using MUCRAIR instead of MU-
largely differ among them. Figure 5 depicts the results wiaging CRA.

Uproduction-cost- FUrthermore, we also observe that: (1) the variation
of SI in both figures is around 4%. Thus, this increment is indepen3 ~ Conclusions and Future Work
dent from thep, ¢ feredunits Parameter; (2) figure 5(b) is more ir-
regular than figure 5(b), because of the wider spread of salden
Dot feredunits = 0.8; and (3) althoughuyroduction_cost S€EMEd in-
tuitively to be the most sensitive parameter, our experisishows
that it is not.

A buyer can only obtain better savings with a MUCRAtR with
respect to a MUCRA if there exists some possibility to parfan-
house transformations. Taken to the extreme, if no in-horases-
formation is convenient, the outcome of a MUCRALR is exattly
same as a MUCRA, anfl/ = 0. The third conclusion follows:

C3: The cheaper the in-house transformations with respect ¢o th
providers’ ones, the higher the expected savings whenduotiong
t-relationships.

In this paper we have performed a set of experiments to daanti
tively assess the potential savings in employing a MUCRAtfiRdad
of a MUCRA. Furthermore, we have also identified the market co
ditions for which MUCRAIR is expected to lead to better aoiati
outcomes to the auctioneer/buyer, namely: (1) markets kigh-
capacity providers; (2) auctions whose number of requirgts yer
good is large with respect to the units required by transédions
(i.e. the likelihood of exploiting transformations is hjgi{3) auc-
tions run by a buyer whose transformation (production) @st
cheaper than the providers’ ones; and (4) markets wheredaisv
competitiveness is not high (the more scattered the prov/idem-
petitiveness, the larger the expected savings). We envistweral
paths to future development. Firstly, a further extensmour ex-
periments to carry out an analysis of the computational aisttro-

! e ducingt-relationships(to complete the preliminary results presented
- ercentile| . . . . .

251 |_+ 40 percentie in [1]). Secondly, the theoretical design of mechanisms ¢xaloit

2: ™ T t-relationships
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