
Issues in Bandwidth Priing using Software AgentsBijendra Vishal, Prashant �Computer Siene & EngineeringIndian Institute of Tehnology Kanpur, INDIA - 208016fbijendra, prashg�se.iitk.a.inAbstratAgent mediated bandwidth market, like anyother market, is one where buying and sell-ing of a ommodity takes plae. The item ofinterest is bandwidth and trading is done byadaptive, software agents, alled priebots andshopbots. In this work, a simple market modelfor bandwidth market is proposed, whih dif-fers from the normal market, in that it hasa onstant supply of its ommodity. More-over, bandwidth is non-storable and the or-responding market is highly sensitive to u-tuations in demand and supply status. Twodi�erent market strategies are onsidered, onewhere the buyer an hoose any seller fortransation and seond, where the buyer onlylooks for the seller with the optimum prie tomaximize his pro�t. A mathematial modelis onstruted for market analysis and the ef-fet of two di�erent priing strategies is ex-tensively studied via simulations in a varietyof market senarios.1 IntrodutionAgent mediated e-ommere is an ative area of re-searh these days, espeially with the exponentialgrowth of the Internet. Agents di�er from the tra-ditional software, in that they are semi autonomousand personalized. They are usually entrusted with�This work has been done as a B.Teh Projet under theguidane of Dr Dheeraj Sanghi, CSE, IIT Kanpur

a �xed goal to satisfy in a �xed set of environ-ment. Agents have the ability to ommuniate withother agents(peers) present in the same environment.These agents an be used in expert brokering tasksuh as network seletion, onnetion negotiation andbandwidth trading.The information eonomies group at IBM([1, 2℄)have studied the dynamis of shopbots, agents em-ployed by the buyers to purhase goods on the inter-net, and priebots, agents employed by the sellers todo priing of a ommodity for sale. Dynami pri-ing using priebots has also been studied by JoanMorris([6, 7℄) at MIT Media lab using the learningurve approah to do online priing of goods.Shopbots are agents that automatially searh theInternet for goods and/or servies on behalf of on-sumers. For example, www.ases.om ompares theprie and expeted delivery times of books o�eredfor sale online, while www.jango.om and webmar-ket.junglee.om an o�er everything from apparel togourmet groeries. On the other hand, priebotsare automated agents that employ prie-setting al-gorithms in an attempt to maximize pro�ts. A prim-itive example of a priebot is available at books.om,an online bookseller. When a prospetive buyer ex-presses interest in a given book, books.om automat-ially queries amazon.om, Borders.om and Barne-sand Noble.om to determine the prie that is o�eredat these sites and then underuts by 1% the lowestof the three quoted pries.Agent mediated bandwidth market is one wherepriebots and shopbots partiipate in selling and buy-ing of bandwidth. Bandwidth as a ommodity for saledi�ers from the normal ommodity, in it's aggregate1



supply being �xed over a period of time, ontrary tothe normal ommodities whose supply an be on-trolled by the �rms. Bandwidth is non-storable inthe sense that unused apaity from yesterday hasno value today. Inventories at to smooth variationsin supply and demand. When no inventories exist,pries an jump if supply or demand hange suddenly.Pries an also hange suddenly when the pereptionor expetation of supply or demand status suddenlyhanges. Bandwidth is non-storable so prie jumpsand spikes (in both diretions) are to be expeted.Deregulation of the teleommuniations industry,advanes in transmission and routing tehnologies,and the inreasing demand for network apaity bya large number of servie providers and end-usersare the main fators hanging the way bandwidth isbought and sold today. The development of an openand eÆient market leading to optimal alloation ofnetwork resoures, redued searh osts, prie trans-pareny, and the development of instruments for riskmanagement is an exiting prospet.The issue of bandwidth priing onerns itself withthe parameter used to measure the onsumption bythe end user, and hene to prie bandwidth. Amongthe various parameters seen in real life situations arebandwidth link and the onnetion time. In this pa-per, a homogeneous market with respet to the typeof bandwidth onnetion has been studied and wehave onentrated on priing based on onnetiontime, by taking as inputs the start and end time forwhih the request for bandwidth is made.Olov Shelen in her PhD thesis[5℄ has explored thepossibilities of resoure reservation on the internet toensure Quality of Servie(QoS). In suh a senarioagents an e�etively be utilized to prie the servieso�ered in real time, and to maximize the pro�t in aompetitive environment.This paper is organized as follows. Setion 2 on-struts the eonomi model for the bandwidth mar-ket and explains why it is di�erent from previouslystudied models. The two priing strategies are dis-ussed in Setion 3 while simulation results obtainedby varying the market parameters are presented inSetion 4. Finally, Setion 5 is the onluding se-tion, in whih we disuss the feasibility of the modeland approah taken in the paper to analyzing real life
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TFigure 1: Bandwidth Reservationbandwidth markets and highlight the possible futurework in the area.2 Market ModelThe Market model we have onsidered is derived fromthe market model proposed by A Grewald and Jef-frey O. Kephart in ([3℄). This model has B buyersand S sellers. In this paper, we are looking from theperspetive of the sellers and the objetive is to maxi-mize their pro�t. Typially, S � B. Eah seller has a�xed amount of bandwidth to sell. This is the seller'slink apaity L (refer to Fig 1). The impliation of�xed link apaity for eah seller is that we are on-sidering a market whih is homogeneous with respetto the bandwidth onnetion the sellers have to of-fer. A seller agent reeives a request from the buyeragent for reservation of bandwidth b (� L) startingfrom time ts to time te. Fig 1 is a snapshot of theadmitted ows in the time/bandwidth diagram. Inthis �gureA is the new request that has arrived, whileB : : : F has been alloated earlier. The new requestis granted if the sum the new ow and the aggregateof ows from ts and te do not exeed the total linkapaity L. Moreover, the pro�t of the seller arues2



both to the fration of bandwidth requested by theonsumer together with the onnetion time. Hene,priing of bandwidth based solely upon the type ofonnetion is not taken into aount.There are two kinds of buyers: Any seller (TypeA) These type of buyers randomly approah any sellerfor transation, irrespetive of prie o�ered and pur-hases the ommodity if the prie harged by thatseller is less than the buyer's valuation. Bargainhunter (Type B) whih heks prie with all the sell-ers, determines the seller with the lowest prie andpurhases the good if that lowest prie is less thanthe buyer's valuation. (This type of buyer respondsto those who typially relies on shopbots for theirinteration with the sellers). Fration wa of buyersemploy the any seller strategy, while wb behaves asbargain hunters, with wa+wb = 1. Eah buyer agentgenerates request at some rate �b and eah seller re-onsiders (and potentially resets) it's prie ps at ran-dom times, with rate �s. Every buyer has a valuationVb. For buyers of type B valuation is a funtion ofthe maximum amount he is willing to pay Pb;max andthe amount of bandwidth bw he is willing to buy. Soa buyer agents transats with a seller agent only ifit's valuation is more than the prie o�ered by theseller agent.A seller s's expeted pro�t per unit time �s is afuntion of the prie vetor �!P , as follows: �s (p) =psDs ��!P �, where Ds ��!P � is the rate of demand forthe good for seller s. This rate of demand is deter-mined by the overall buyer rate of demand, the likeli-hood of the buyers seleting seller s as their potentialseller, and the likelihood that seller s's prie ps doesnot exeed the buyer's valuation Vb.For the purpose of simulations and analysis wehave slightly simpli�ed this generalized model. Hereeah seller does reservation for same time interval �and have the same link apaity L. Further eahseller sells bandwidth in �xed quantum, i.e of �xedtime length �0 and �xed apaity b0. Thus the totalamount eah is apable of selling in eah time interval� is M = L��0b0Thus eah request will be haraterized by it's valua-

tion. It is assumed that for all buyers the maximumvaluation is V . For the buyers of type B. the valua-tion is distributed from Vmin to V . Thus the buyerpopulation is desribed by a umulative distributionfuntion G(p), i.e. G(p) is the probability that a ran-domly seleted buyer has valuation � p. Further thetotal number of request in the market in the timeinterval � is R = SXs=0 �sSo the aggregate demand in the market expeted atprie p is AD = waR+ wbR (1�G(p))and the aggregate supply isAS =MSFor the linear distribution funtion the urves areshown in Figure 2.These assumptions may seem to oversimplify themodel, but the generalized model will have the dis-tribution funtion T (t) and B(b) to desribe the re-quest pattern in terms of the time interval of reser-vation and the amount of bandwidth requested. Inthat ase the values �0 and b0 an be replaed by theexpeted value of these distribution funtion. Thusthe simplifying assumption does not oversimplify thegeneralized model.In our ase sine there is no ost of prodution, thebuyer's turnover is synonymous with his pro�t, andhas been used interhangeably in this paper .3 Priing StrategiesWe have onsidered two priing strategies desribedin [2℄. These priing strategies require high level of in-formation about the buyer harateristis and buyerdemand pattern.� Myopially Optimal Pro�t Maximizers(MYPM)This strategy typially reets the strategy fol-lowed by myopi sellers in any market, wherebythey try to underut their rivals seller's quotedpries by a slight margin resulting in having3
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Figure 2: Demand and Supply Curvehigher pro�ts. At the instant when any randomseller reonsiders his prie, he has a ompleteknowledge of the pries and orresponding prof-its of all the sellers. In our market model, hav-ing kept trae of the status of others, the ho-sen seller exhaustively searhes for the optimumprie p� in the market whih if hosen wouldmaximize his pro�t in the next turn.� Game Theoreti Nash Followers(GTNF) In thisstrategy, the sellers set their mindset as parti-ipants in a game. The seller agents onsiderssetting their prie as a strategy in a game the-ory. Having known all the information aboutthe market, the sellers are able to map theprie vetor to the pro�t vetor. The mappingstritly depends upon the topology of the mar-ket and hene forms the ore in deiding theway in whih the market behaves to the prevail-ing onditions of prie and pro�t.Moreover, theprie to pro�t mapping an be used to alulatethe pure/mixed strategy Nash equilibrium. Theprie are generated using the probability densityfuntion orresponding to the Nash Equilibrium.In this ontext Nash Equilibrium is a ondition,or a prie vetor at whih every one maximizesit's umulative pro�t, and have no tendeny todeviate from this prie. Details of Nash Equilib-rium an be found in [4℄.

Message Passing Agents

KQML Agents

Buyer Agents Seller Agents

Central AgentFigure 3: Class Diagram for Agents4 Simulations and ResultsAny market is haraterized by three main parame-ters, the Aggregate Demand in the market, The Ag-gregate Supply of goods in the market, and the urrentprie of the ommodity. The later being determinedby the former two, whih in turn ats as a feedbakto ause variation the demand and the supply. Theprie in the market also determines the pro�t of thesellers involved. In the simulation results that followswe have studied the variation in the prie and pro�tlevels of the sellers as the fators determining the de-mand and the supply hange, and also tried to omeup with possible explanation for suh behavior of theeonomy.4.1 Test BedSimulation is arried out using a test-bed apable ofsimulating an environment where autonomous agentsan interat and pass messages to other agents. Thistestbed was an extension of the simulator developedearlier by Amit Manjhi[10℄. The agents exhange andinterpret strings in Knowledge Query ManipulationLanguage: KQML format, whih is the standard setby IETF.Figure 3 gives a high level view of the organiza-4
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Seller AgentFigure 4: Interation Diagram For di�erent agenttion of the test bed. The test bed has a layered ar-hiteture. The bottom most layer onsist of simplemessage-passing agents, whih is apable of sendingand reeiving string messages over the TCP/IP net-work. This layer takes are of all the network relatedaspet of the test-bed. The next layer built uponthe message passing layer is the KQML Layer. TheKQML agents are responsible for parsing and inter-preting the messages enoded in KQML. A typialstring in KQML an be::senderfAg:reeiverfBg:performativefSENDgThis layer gives the agents, the ability to inter-at with any other agents on the network, who areapable of interpreting KQML strings. There arethree kinds of autonomous agents inheriting from theKQML-Agents. The buyer agent, the seller agentsand the entral agent. The entral agents are respon-sible for keeping trak of the sellers urrently regis-tered in the market. This is to failitate any kingof aounting thats is needed for simulation purposesand it also provides a way for the buyer agent to

query on the number of sellers urrently available.The Buyer agents are responsible for sending bids orrequests to the seller agents. The seller agents areresponsible for proessing of these bids. Their mainjob however is to monitor the market ondition: theurrent demand pattern in the market, the number ofsellers present in the market and the prie of all theompetitive sellers. Using these parameters as inputthe seller agents does online priing of it's ommod-ity. Figure 4 shows the sequene of steps in order thattakes plae for a typial transation to arry out.To arry out simulation the sequene of steps thatneeds to be arried out are as follows: First the globalparameters, governing the overall simulation are writ-ten in a on�guration �le. Thus a on�guration �lewill have entries like, the period for whih the sim-ulation needs to be arried out, the time interval ofeah bid sequene, the number of buyers and sellers inthe market, the distribution of the buyer population,their valuation funtion and also the kind of strate-gies that the sellers needs to be followed. For thesimulation purposes we have onsidered the parame-ters listed in TABLE I. The simulation is arried forsome large number of turns. In eah turn a seller israndomly seleted and is allowed to reset it's prie atthe beginning of the turn. In eah turn approximatelyR request is generated and interation is arried outbetween the buyer and the seller agents resulting inpossible transation. For monitoring purpose a selleris randomly seleted at the start of the simulationand his pro�t and prie value is traed.This testbed is oded in JAVA and an be usedfor simulating any market senario in general, on anyplatform/OS supporting Java Runtime Environment[11℄.4.2 MYPM strategyThe results in this subsetion orresponds to the asewhen all the sellers follows the �rst strategy.4.2.1 Demand hangeHere we have monitored the hanges in the prie andpro�t level at the demand side of the market hange.5



Table 1: The List of parameters.Number of Sellers S 64Capaity M 200Maximum Valuation V 100:0G (p) pVwa; wb 0:3; 0:7Pmin 20:0
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Figure 6: prie Variation with time

The most important fator a�eting the demand isthe total number of request generated in the time in-terval � , i.e. R. Figure 6 shows the variation of priewhen R hanges. Eah of the yli urves in this�gure orrespond to the prie at that time for a �xedvalue of R. The bottommost urve is for low valueof R, followed by urves orresponding to inreasingvalue of R. It is observed that when the value of Ris less than MS, the prie follows a ylial pattern.In eonomi terms, when the maximum possible de-mand (demand at 0 prie) is less than the aggregatesupply in the market (M�S), eah of the sellers on-tinuously adjusts it's prie to sell most of the availableresoures, well before the time for the urrent turn � ,ends. However as the demand inreases, the ylialprie wars tends to stabilize. Now eah seller is ableto sell most of their inventories. It is also observedthat there is an inrease in the average level of prie,as the value of R hanges. This is evident from theontinuous upward shift in the ylial prie urveswith inrease in R. This happens beause of the fatthat as more number of request are available in themarket, so the number of request having valuationon the higher side also inrease. This gives the op-portunity to the seller agents to harge more, or inother words maintain the prie at a higher level. Thedemand urve d2 in Figure 5 shows the new the de-mand urve resulting from the hange in the value ofR.Figure 7 shows the orresponding pro�t variation.The inrease in the pro�t level with the inrease inthe value of R is justi�ed as sellers are able to extratmore from the market as explained earlier.Demand urve also determined by the harater-istis of the buyer population, namely the value ofwa; wb, the maximum valuation of buyers V , andtheir distribution funtion G(p). Figure 8 shows thehange the prie and pro�t level with the hange inthe buyer harateristis like hange in the values ofwa and wb, and hange in maximum valuation of anybuyer V . It is observed that as the value of V in-reases the average level of prie shifts up. Thishappens beause the range of prie for the sellersto searh and set, inreases, besides the number ofsellers having valuation plaed on the high side alsoinreases. The inrease in the average prie levels6
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Figure 7: orresponding pro�t variationare also reeted in the inrease in the average pro�tearned by the sellers (refer to Figure 9). The orre-sponding hange in the nature of the demand urve isshown in urve d3 of �gure 5. The e�et of hange inthe value of wa=wb is shown in the middle urve. Itis observed that as wa inreases the variation in theprie dereases and the average level of prie shiftsup. This is shown by the redution in the frequenyof the ylial variation of prie. The main reason forsuh a behavior of the eonomy is the fat that within inrease in the value of wa, the number of buy-ers with maximum possible valuation is large, so thesellers are able to make pro�t even by keeping priehigh, besides no muh variation in prie is needed, asthe fration of the population having varying valua-tion also redues. The orresponding inrease in thepro�t hange an be seen in �gure 9.4.2.2 Supply ChangeThe supply funtion is determined by the number ofsellers(S) and their individual apaity(M). In theshort run this supply remains �xed, hene a vertialsupply urve in Figure 2. As the number of sellerhanges in the market the supply urve shifts paral-lel to the left or right. The orresponding hange in

0

20

40

60

80

100

120

140

160

0 100 200 300 400 500 600 700 800 900 1000

"p11"
"p12"
"p13"

Figure 8: Prie Variation
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Figure 10: Pro�t Variation
the prie is shown in �gure 10. It is observed thataverage prie level rises. This ase is similar to theinrease in the value of R and an be explained inthe same way. In the ontext of supply, it is also in-teresting to observe the ase when some sellers startsharging monopolisti pries. In suh situation, if ksellers join to harge their own �xed prie p�, thenat p = p� their overall pro�t should be maximized.The value of p at whih the pro�t p(1� pv )R is max-imum is V2 = 50:0. Other variation of monopolistipriing an be found in [8℄. Curve p22 in �gure 11,shows the modi�ed prie variations of the sellers fol-lowing MYPM strategy. In this ase 20% of the to-tal seller population started harging �xed prie i.eV=2 = 50:0, while other following the same strategy,exhibits yli prie variation, with maximum beingequal to 50:0. However the average pro�t of both thegroup rises. The urve 2 in �gure 10 orresponds tothe average pro�t made by sellers following MYPMstrategy, while urve 3 orresponds to the monopolistsellers. In this ase the average pro�t of monopolistmay be more, but in general, as more and more sellersjoin the monopolist group, their average pro�t mayatually fall.
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Figure 11: Prie Variation4.3 GTNF strategyThe sellers following this strategy has the probabilitydensity funtion, in aordane with whih the priein the market is generated. Figure 12 shows one suhumulative distribution urve obtained for the pa-rameters listed in table 1. The value of urve G(p)ant any prie p gives the probability that if a randomseller X is seleted, then the prie of X is less than p.For the purpose of simulation we have used standardalgorithm like LIAP, PoluEnum, QRE, QREgrid toompute the mixed and pure strategy Nash equilib-rium. Details of these algorithms an be found at thewebsite [9℄. Most of these algorithm are very muhompute intensive and requires a high informationsetting, to ome up with a probability distributionfuntion that approximates the Nash-equilibrium dis-tribution funtion.For this lass of strategies we have done a simi-lar kind of analysis to get an insight into the marketeonomy. The umulative distribution urves in �g-ure 13 shows the e�et of the variation of R. It is ob-served that for lower values of R (less thanMS), theurve is essentially at (urve 1 in �gure 13). Thisimplies that there is more or less equal probabilityof setting the prie over all the prie range possi-8



ble. This is similar to the observation for the earlierstrategy. As the value of R inreases, the probabilitydistribution urve beomes steeper and shifts to theright. The inrease in the steepness of these urvesimplies that probability of the prie being set is moreat points where steepness inreases. This kind of be-havior happens beause with inrease in the R value,the sellers have more inentive to set prie higher, togain more pro�t.This result also takes are of the expeted distri-bution funtion when the supply side is hanged, asexplained in an earlier setion.The distribution urves in �gure 14 orresponds tothe ase when the nature of the buyer population ishanged. It is observed that when the value of wais lose to 0, the distribution urves are steep andare toward the left or lower part of the prie range.This implies the overall prie in the market is goingto be low. This is expeted beause, low wa meanshigh wb, i.e there is a large population whih is goingto san though all the prie and selet the minimumpossible, hene there is a tendeny to keep the prielower. On the ontrary as wa inreases, the frationof the population whih is going to hoose the sell-ers randomly, and have high valuation inreases. Sothere is a tendeny to keep the prie as high as pos-sible. This is shown by a steep distribution towardsthe left.Figure 15 shows the omparison between the ex-peted pro�t value if mixed strategy Nash equilib-rium value is followed and if �rst strategy is followed.Curve 2 is the expeted value of pro�t, and urve 1 isthe pro�t obtained if MYPM strategy is followed. Itis lear that following Nash distribution gives a betteroutome to all the sellers.5 ConlusionIn this paper we have examined the various situationsthat may arise when seller agents are entrusted withthe task of selling and buying a ommodity like band-width. We have seen the e�et of the same on themarket prie and individual pro�t of eah agents. Wehave studied two di�erent priing mehanism, one ofwhih belongs to greedy lass of algorithm, and may
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Figure 12: Probability density funtion with NashEquilibrium
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Figure 13: Probability Distribution Variation withprie
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not give optimal result in the long run, but is notompute intensive. The other algorithm was basedon game theories of NASH, and may give optimalsolution(maximum pro�t), but it is highly omputeintensive and may not be suitable in real life. Simula-tions arried out on both these algorithm have shownthat an inrease in the demand of the ommodity, oran inrease in the willingness to pay more for theommodity leads to a orresponding inrease in themarket prie, and in the situation where demand isless, there is large variation in the prie, or in eo-nomi terms, there are ylial prie wars, beause ofperfet ompetition among the sellers. We have thusanalyzed by means of simulation both the demandand the supply aspet of the market.This line of researh ultimately aims to ome upwith agents that an interat with the world in amore realisti way. So one of the future work ouldbe developing strategies for low information setting,whih is generally the ase in real life. In this paperwe have onsidered inly the situation orrespondingto perfet ompetition, whih again may not alwaysbe the ase in real world. There are ollusions andunertainties in the market, whih needs to be takenare of during the atual priing.Referenes[1℄ Je�rey O. Kephart, J E Hanson, and A R Gre-wald, Dynami Priing by Software Agents, Com-puter Networks, 2000.[2℄ A Grewald and Je�rey O. Kephart, Probabilis-ti Priebots , Fifth International Conferene onAutonomous Agents, Montreal, May 2001.[3℄ A Grewald and Je�rey O. Kephart, Shopbots andPriebots , IJCAI-1999.[4℄ J. Nash, Non Cooperative Games., Annals ofMathematis, 54:286-295, 1951.[5℄ Olov Shelen, Quality of Servie in the Inter-net Ph.D Thesis. Lulea University of Tehnology,Sweden, August 1998.10
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