[26] Mark S. Miller, Daniel G. Bobro w, Eric Dean ribble, and Jacob Levy Logical secrets. In Eh ud Shapiro, editor, Concurr ent Pr olo g: Col le cte Pap ers MIT Press, Cam bridge, MA, 1987. [27] Mark S. Miller and K. Eric Drexler. Mark ets and computation: Agoric op en systems. In B. A. Hub erman, editor, The Ec olo gy of Computation pages 133{176. North-Holland, Amsterdam, 1988. [28] Matt W. Mutk and Miron Levy Sc heduling remote pro cessing capacit in orkstation-pro cessor bank net ork. In International Confer enc on Distribute Computer Systems pages 2{9. IEEE, 1987. [29] Joseph Carlo asquale. Intel ligent De entr alize Contr ol in ar ge Distribute Computer Systems PhD thesis, Univ ersit of California, Berk eley April 1988. [30] James L. eterson and Abraham Silb ersc hatz. Op er ating Systems Conc epts Addison-W esley Reading, MA, 2nd edition, 1985. [31] John F. Sho and Jon A. Hupp. The \Worm" programs Early exp erience with distributed com- putation. Communic ations of the CM 25(3):172{180, Marc 1982. [32] Reid G. Smith. The Con tract Net proto col: High-lev el comm unication and con trol in distributed problem solv er. IEEE ansactions on Computers C-29(12), Decem er 1980. [33] I. M. Sob ol. The Monte Carlo Metho Mir Publishers, Mosco w, 1975. [34] I. E. Sutherland. futures mark et in computer time. Communic ations of the CM 11(6):449{451, June 1968. [35] Andrew S. anen baum and Rob ert an Renesse. Distributed op erating systems. CM Computing Surveys 17(4):419{470, Decem er 1985. [36] Daniel G. Theriault. Issues in the design and implemen tation of Act 2. ec hnical rep ort, MIT AI Lab oratory AI-TR-728, 1983. [37] Carl A. aldspurger. distributed computational econom for utilizing idle resources. Master’s thesis, Massac usetts Institute of ec hnology Ma 1989. [38] Carl A. aldspurger. Priorit Flo w: framew ork for abstract, adaptiv resource managemen t. MIT LCS arallel Soft are Group, In ternal Memo (unpublished), Ma 1990. 32 [13] Carl Hewitt. The hallenge of op en systems. Byte 10:223{242, April 1985. [14] Bernardo A. Hub erman and ad Hogg. The eha vior of computational ecologies. In B. A. Hub erman, editor, The Ec olo gy of Computation pages 77{115. North-Holland, Amsterdam, 1988. [15] Kenneth M. Kahn and Mark S. Miller. Language design and op en systems. In Bernardo A. Hub erman, editor, The Ec olo gy of Computation pages 291{313. North-Holland, Amsterdam, 1988. [16] Kenneth M. Kahn and Vija A. Sarasw at. Money as concurren logic program. ec hnical rep ort, Xero AR C, 1989. [17] Je�rey O. Kephart, ad Hogg, and Bernardo A. Hub erman. Dynamics of computational ecosystems. Physic al eview 40:404{421, 1989. [18] Douglas B. Lenat. The role of heuristics in learning disco ery: Three case studies. In R. S. Mic halski et. al., editor, Machine arning: rti�cial Intel ligenc Appr ach pages 243{306. Tioga, alo Alto, CA, 1983. [19] Barbara Lisk and Rob ert Sc hei er. Guardians and actions: Linguistic supp ort for robust, distributed programs. CM ansactions on Pr gr amming anguages and Systems 5(3):381{404, July 1983. [20] Mic hael J. Litzk w, Miron Levy and Matt W. Mutk a. Condor un ter of idle orkstations. In International Confer enc on Distribute Computer Systems pages 104{111. IEEE, 1988. [21] Virginia M. Lo. Heuristic algorithms for task assignmen in distributed systems. In International Confer enc on Distribute Computing Systems pages 30{39. IEEE, 1984. [22] Virginia M. Lo and Da vid Chen. In telligen sc heduling in distributed computing systems. ec hnical Rep ort CIS-86-14, Dept. of Computer and Information Science, Univ ersit of Oregon, April 1987. [23] E. Lumer and B.A. Hub erman. Dynamics of resource allo cation in distributed systems. ec hnical rep ort, Xero alo Alto Researc Cen ter, Marc 1990. [24] T. W. Malone, R. E. Fik es, K. R. Gran t, and M. T. Ho ard. En terprise: mark et-lik task sc heduler for distributed computing en vironmen ts. In B. A. Hub erman, editor, The Ec olo gy of Computation pages 177{205. North-Holland, Amsterdam, 1988. [25] Carl R. Manning. Acore: An actor core language. MPSG Apiary Design Note 7, MIT AI Lab oratory August 1987. 31 References [1] Gul Agha. ctors: Mo del of Concurr ent Computation in Distribute Systems MIT Press, Cam bridge, MA, 1986. [2] A. Barak and A. Shiloh. distributed load-balancing olicy for ulticomputer. Softwar Pr actic and Exp erienc pages 901{913, Septem er 1985. [3] T. C. K. Cho and J. A. Abraham. Load balancing in distributed systems. IEEE ansactions on Softwar Engine ering pages 401{412, July 1982. [4] Edw ard G. Co�man and eter J. Denning. Op er ating Systems The ory Pren tice Hall, Englew Cli�s, NJ, 1973. [5] Randall Da vis and Reid G. Smith. Negotiation as metaphor for distributed problem solving. rti�cial Intel ligenc 20:63{109, 1983. [6] K. Eric Drexler and Mark S. Miller. Incen tiv engineering for computational resource managemen t. In B. A. Hub erman, editor, The Ec olo gy of Computation pages 231{266. North-Holland, Amsterdam, 1988. [7] Alex Dupuy Net ork Sim ulation Tested (nest) User Man ual. ec hnical Rep ort CS-NEST, Colum bia Univ ersit Computer Science Departmen t, 1986. [8] J. R. Ellis. Bul ldo g: Compiler for VLIW chite ctur es PhD thesis, ale Univ ersit ebruary 1985. ALEU/DCS/RR-364. [9] Ric hard Engelbrec t-Wiggans, Martin Sh ubik, and Rob ert M. Stark. uctions, Bidding, and Contr act- ing: Uses and The ory New ork Univ ersit Press, New ork, NY, 1983. [10] Donald erguson, ec hiam emini, and Christos Nik olaou. Micro economic algorithms for load balancing in distributed computer systems. In International Confer enc on Distribute Computer Systems pages 491{499. IEEE, 1988. [11] Daniel riedman. On the e�ciency of exp erimen tal double auction mark ets. meric an Ec onomic eview 24(1):60{72, Marc 1984. [12] Max Hailp erin. Load balancing for massiv ely-parallel soft-real-time systems. Kno wledge Systems Lab- oratory Rep ort KSL-88-62, Dept. of Computer Science, Stanford Univ ersit August 1988. 30 automated to ols to assist in the dev elopmen of no el funding algorithms. or example, soft are similar to \trace sc heduler" capable of monitoring dynamic resource usage patterns in concurren computation ma pro aluable for impro ving or ev olving funding strategies for giv en application. The applicabilit and in teraction of tec hniques suc as static program analysis and adaptiv algorithms in the con text of mark et-based resource allo cation remains an op en question. �nal area for further study is div ersit in computational economies. Although ha fo cused on the purc hase of pro cessor time, should oin out that the price mec hanism can allo mac hines with di�eren capabilities ( oating oin hardw are, large disc space, direct access to sp ecial databases or proprietary algorithms, etc.) to ha di�eren alues. Th us, tasks can exibly dev ote their currency to the resources most imp ortan to them. Suc scenario ould bring Sp awn in to greater corresp ondence with real econom in whic there is ultitude of di�eren go ds. By the same tok en, the mark et mec hanism supp orts deep er symmetry than studied here, in whic computational results obtained agen ts can themselv es ecome mark etable go ds of oten tial use to other agen ts 27 ]. In this one can en vision more co op erativ collection of pro cesses, whic h, despite their di�eren goals and haracteristics, can con tribute to eac other’s erformance. 29 Conclusions 6.1 Summary of Presen ork ha describ ed the arc hitecture, implemen tation, and testing of Sp awn distributed computational system that shares man prop erties with uman mark ets and auctions. Sp awn addresses the problems of resource con ten tion, fair dynamic load sharing, resource managemen for concurren computations, and the notion of priorit in distributed systems. As the exp erimen ts sho w, the system can successfully handle these problems without resorting to global con trols. As practical system, Sp awn e�cien tly harnesses otherwise-w asted idle time in distributed net ork of heterogeneous orkstations. Th us, distributed computations comp eting for resources can e�cien tly managed with acceptable erhead. This allo ws certain classes of large, easily-parallelized computations that are commonly run on sup ercomputers to execute on existing, underutilized net orks. In addition to its successful erformance, Sp awn has enabled man quan titativ exp erimen ts that prob the dynamics of real computational mark ets. In particular, ha found that small um er of agen ts can pro duce an iden ti�able mark et, since uctuations ere not able to obscure the stable equilibria in prices. Moreo er, ha observ ed that monetary funding can used as an e�ectiv form of priorit in distributed systems con taining heterogeneous no des. Exp erimen ts ha also demonstrated that price information can used to adaptiv ely con trol the expansion and con traction of pro cess trees in concurren applications. Finally ha examined problems with auction mec hanisms in computational economies, and prop ose the use of simple sharing rule as an alternativ e. 6.2 Directions for uture Researc As an exp erimen tal researc to ol, Sp awn is somewhat fragile and wkw ard to use. One researc area that arran ts considerable atten tion is the smo oth in tegration of Sp awn ’s mec hanisms with robust language for parallel and distributed computation. Simple, expressiv linguistic mec hanisms ould facilitate more rapid adv ancemen researc hers concerned with mark et-based computational resource managemen t. The priority ow framew ork is directed at ful�lling this need 38 ]. It facilitates the expression of abstract resource managemen sc hemes in parallel systems, using lo w-o erhead, �ne-grained mark et-lik substrate. The priority ow framew ork also uses simple sharing rule in place of auctions to determine prices, and incorp orates scalable, hierarc hical tec hnique for propagating information. Another area of in terest is the sp eci�cation and implemen tation of more sophisticated funding strategies for con trolling concurren computations. Although ha demonstrated the e�ectiv eness of small um er of simple funding strategies, the general topic has een largely unexplored. It ma ossible to dev elop 28 Figure 13: airness for Single Iterated Auction Cum ulativ fraction of auctions on eac of three tasks with funding ratio of 3:2:1 in single iterated auction. The actual allo cation ac hiev ed as 3.43:2:1, eraged er the en tire run. co ordinate information regarding the preferences and capabilities of all agen ts, as ould required truly cen tralized con troller. These observ ations ha prompted us to explore less olatile, lo w-o erhead mec hanisms for determining resource prices. promising approac as conceiv ed after examining um er of graphs similar to Figures 12 and 13. The basic insigh is that the erage price in an iterated second-price auction con erges to the sum of the funding rates of all bidders. Instead of relying up on an iterated auction, resource can dir ctly allo cated (e.g. time ultiplexed at ery �ne gran ularit y) among the tasks comp eting to use it, in prop ortion to their funding rates. This directly ac hiev es fairness while main taining stable price for the resource that is prop ortional to demand. This yp of direct mec hanism is at the core of new mark et-lik system for allo cating resources to �ne-grained tasks in ultipro cessors 38 ]. 27 Figure 12: Price for Single Iterated Auction Price as function of time (iteration step) for single iterated sealed-bid, second-price auction. Three bidding tasks ere giv en funding rates of $1, $2, and $3 er auction. ], and the state of an individual auction in Sp awn econom receiving bids from tasks with linear funding rates. Figure 12 plots the selling price for series of iterated sealed-bid second-price auctions when there are three bidders with funding rates of $1, $2, and $3 er auction. The oscillatory price eha vior and olatilit are rather striking. Ov er su�cien tly long time in terv al, the erage price is $6 er auction, with standard deviation of $1.14. Ho ev er, the price con tin ues to oscillate et een lo of $3 and high of $8 er auction, with most prices falling in the $5 to $7 range. urther exp erimen ts indicate that the price uctuations ere ev en sensitiv to the order in whic ties ere brok en causing the standard deviation of long runs to ary et een $0.82 and $1.14 er auction. Another metric that arran ts in estigation is fairness. Figure 13 sho ws the fraction of auctions on eac of the three bidders under the conditions describ ed ab e. Giv en enough time, resource allo cations con erge near their exp ected \fair" alues. In this case, exp ect ratio of 3:2:1, and observ an allo cation of 3.43:2.00:1.00. Ho ev er, er shorter in terv al there is considerable olatilit in the observ ed ratios. In addition to olatilit auctions exhibit another undesirable prop ert in computational mark ets. Bidding requires all in terested tasks to explicitly comm unicate with resource efore an decisions are made; the resource ust then inform all bidders of the acceptance or rejection of their o�ers. The erhead imp osed ma negligible in distributed system suc as Sp awn but ecomes increasingly imp ortan as the gran ularit of tasks decreases. One ossibilit is to use more cen tralized mark et instead of separate mark ets on eac mac hine. This ould help buy ers and sellers lo cate one another, et no single agen ould required to 26 Limitations and Lessons Exp erience with Sp awn has taugh us um er of aluable lessons ab out the design and implemen tation of computational mark ets. In this section, presen some of these lessons and discuss related limitations in the Sp awn system. 5.1 Scaling to Larger Net orks desirable haracteristic of an distributed system is the abilit to scale ell to large net orks. The exp erimen ts and sim ulation results presen ted in section indicate that with resp ect to fairness of resource distribution and temp oral price dynamics, Sp awn scales gracefully to large systems. Ho ev er, in terms of spatial price dynamics, the scaling results for Sp awn are less fa orable. This is indicated Figure 11, and is also suggested the need to emplo an impro ed manager strategy to oid price di�eren tials, as describ ed in section 4.4. eliev that the underlying cause for the observ ed spatial price uctuations and di�eren tials is the limited comm unication of information ermitted in Sp awn systems con�gured as torus with only nearest- neigh or connections. Nearest-neigh or connections ere also used in 10 ], but since all rep orted exp erimen ts ere erformed on small, nine no de sim ulated system, these problems ere not encoun tered. The constrain of nearest-neigh or comm unication limits the rate at whic tasks can disco er and exploit fa orable situations that exist in distan regions of large net orks. Th us, for impro ed erformance in computational mark ets, scalable propagation of information is needed. Sev eral e�ectiv metho ds exist that could used in future systems. One tec hnique is to comm unicate with small um er of no des hosen at random ]. Another promising option is to propagate information using hierarc of information o rates 23 ]. 5.2 Auctions and Bidding As explained in section 3, Sp awn uses sealed-bid, second-price auction mec hanism to determine the price for time slice of pro cessing resource. This yp of auction is ery e�ectiv in uman mark ets, and has een prop osed as resource allo cation mec hanism in ork on computational mark ets 10 ]. Nev ertheless, the dynamics of suc auctions ha not een analyzed carefully In this section examine the dynamical eha vior of single iter ate sealed-bid, second-price auction. In particular, lo ok at the eha vior of suc an auction when the bidders increase their bids linearly er time. This situation is haracteristic of the esc alator algorithm prop osed for single-pro cessor sc heduling in 25 Figure 11: Relativ Im balance in Auction Rev en ues Relativ uctuations in cum ulativ auction rev en ue distributions as function of time. The ertical axis measures the ratio of the standard deviation to the erage of cum ulativ rev en ues across all auctions. The solid line presen ts the data for sim ulated 16 no de system con�gured as torus. The dashed line is for sim ulated 36 no de torus, and the dotted line plots the sim ulation results for 64 no de torus. In all of the sim ulations, time slice lengths ere 15 seconds, and three concurren tasks ere executed with 3:2:1 funding ratio. The auction rev en ues are initially ery orly balanced. Ho ev er, the balance quic kly impro es er time un til the magnitude of the uctuations in rev en ue are reasonably small when compared with the erage rev en ue. urther exp erimen ts indicate that this e�ect remains essen tially the same when di�eren times are hosen as the reference oin from whic auction rev en ues are accum ulated. This indicates that although prices ma orly balanced at an particular instan t, the cum ulativ balance rapidly impro es er time. The time necessary to ac hiev reasonable balance increases with net ork size. or sim ulated 16 no de system con�gured as torus, the uctuations (as measured the standard deviation) drop to appro ximately 13% of the erage within 25 auction time slices. 36 no de system requires 30 auction time slices to decrease uctuations to 18% of the erage, and 64 no de system needs 50 time slices for uctuations of appro ximately 25%. 24 Figure 10: Mark et Resp onse to High Priorit ask Av erage price as function of time when high priorit task is injected in to no de, fully-connected system with lo w-priorit jobs. The in tro duction and termination of the high priorit task’s funding are indicated on the time axis. tasks ere running; Figure 10 illustrates the system’s resp onse. The exp erimen tal mark et initially consisted of tasks con tin uously funded at rates of $0.01/sec. and $0.02/sec. After the initial transien ts subsided, new task as injected at 700 in to the mark et with the substan tially higher funding rate of $0.07/sec. and �xed total allo cation of $50.40. The high priorit task made its �rst successful bid at 855, roughly auction time-slices after of its creation. It then rapidly to ok er most of the ailable resources. rom this time un til 1600, shortly after its funding terminated at 1400, the high priorit task captured appro ximately 60% of the total system resources. This is in close agreemen with the \fair" alue of 70%, since the three comp eting tasks ere funded in 7:2:1 ratio er that time in terv al. This con�rms the resp onsiv eness of the system to sudden hanges in demand. Giv en the previous results on fairness of resource allo cation and the fairly short observ ed transien ts, this is not surprising result. 4.4.5 Auction Rev en ue Distribution Our �nal set of Sp awn exp erimen ts examined the sp atial distribution of prices across all of the mac hines in homogeneous system. Since the income earned an auction captures the price history for no de, use the distribution of auction rev en ue as measure of spatial equilibrium. Let denote the set of cum ulativ auction rev en ues. Figure 11 plots the ratio of the standard deviation of to its erage as function of time. This illustrates the relativ magnitude of uctuations in auction rev en ue er time. 23 Figure 9: Mark et Price Adaptation Av erage price as function of time. In eac exp erimen t, tasks with equal funding initially com- ete with one another, reac hing an equilibrium. Later, at the oin indicated on the time axis, third task with wice the funding of eac original task is added to the system. (a) Six fully-connected mac hines. Time slices are 60 seconds; funding is supplied ev ery 10 seconds. An initial equilibrium price of $0.0033/sec. is reac hed, and the new task is added at 671 sec. It made its �rst successful bid 75 seconds later. After this oin t, the price quic kly rose to new equilibrium alue of $0.0067/sec. (b) Sim ulated 36 no de system con�gured as torus. Time slices are 15 seconds; funding is supplied ev ery seconds. An initial equilibrium price of $0.1101/sec. is reac hed, and the new task is added at 1000 sec. It made its �rst successful bid seconds later. After this oin t, the price quic kly rose to new equilibrium alue of $0.2196/sec. Figure 9a sho ws the resulting erage price as function of time in fully-connected six no de system. Before the addition of the third task, the observ ed equilibrium price is close the the theoretical alue (i.e., the rate at whic currency en ters the system). After in tro ducing the additional task, the erage price adjusts within few auction cycles to the new equilibrium alue, sign of the adaptabilit of the system when there are ultiple tasks comp eting for pro cessing resources. Note that this transien time is the same as when starting from an initially idle net ork (compare with Figure 7a). similar exp erimen as rep eated for larger, lo cally-connected system in sim ulation consisting of 36 no des con�gured as torus. Figure 9b sho ws the resulting erage price as function of time. 4.4.4 High Priorit asks Systems that sc hedule tasks according to �xed priorities enable high-priorit tasks to run immediately Sp awn ’s mark et mec hanisms can also giv some tasks high priorit where higher funding corresp onds to higher priorit demonstrate this, in tro duced high-priorit task in to system in whic lo w-priorit 22 Figure 8: Price Di�eren tial in Heterogeneous System Price di�eren tials in nine no de inhomogeneous system con�gured as torus. The length of eac time slice is 60 sec. Eac of four ro ots is funded with $0.10 ev ery 10 seconds. The solid line sho ws the erage price for six Sun4/110’s; the dashed line indicates the price eraged er three Sun4/260’s. The observ ed price ratio for the di�eren yp es of mac hines is close to their relativ orth to the applications. and 7c. The abilit to balance prices merely hanging an application’s funding strategy illustrates the exibilit of the mark et mec hanism. Ho ev er, it can argued that more elegan solution ould to use nonlo cal comm unications to initially distribute tasks more uniformly than as ossible with nearest-neigh or connections in logical torus top ology This issue will discussed in section 5. 4.4.2 Price Di�eren tials in Heterogeneous Systems When the mac hines in the net ork are not homogeneous, price di�eren tials dev elop et een mac hines that re ect their relativ alues to applications. Figure sho ws the prices in system with lo cally-connected auctions con�gured as torus: running on Sun4/260’s and on Sun4/110’s. The applications hold Sun4/260 to 1.4 times aluable as Sun4/110. The factor of 1.4 is based en tirely on the relativ sp eed of the mac hines for the giv en application. Once the erage prices reac equilibrium, they di�er factor within 20% of 1.4: $0.0032/sec. for the 110’s and $0.0053/sec. for the 260’s. 4.4.3 ransien ts In addition to displa ying meaningful prices, the system should adapt to hanges in demand. In order to determine ho long it tak es the erage price to stabilize after new task is added to the system, �rst in tro duced concurren Mon te-Carlo tasks, aited for the establishmen of an equilibrium, and then injected third task in to the system. 21 Figure 7: Price Equilibrium Av erage price as function of time. In eac exp erimen t, there are three concurren tasks, with funding ratio of 3:2:1. (a) Six fully-connected mac hines. Time slices are 60 seconds; funding is supplied ev ery 10 seconds. asks declined extensions and funded hildren equally The total rate at whic money en ters the system is $0.06/sec. Measuring the erage price et een 400 and 1200 sec., �nd that the erage price $0.0098/sec., with standard deviation $0.0013/sec. (b) Tw elv lo cally-connected mac hines con�gured as torus. Time slices are 60 seconds; funding is supplied ev ery 10 seconds. asks accepted extensions and funded their most cost-e�ectiv hildren. The total rate at whic money en ters the system is $0.06/sec. Measuring the erage price et een 400 and 1600 sec., �nd that the erage price $0.00487/sec., with standard deviation of $0.0007/sec. (c) Sim ulated 64 no de system con�gured as torus. Time slices are 15 seconds; funding is supplied ev ery seconds. asks accepted extensions and funded their most cost-e�ectiv hildren. The total rate at whic money en ters the system is $12/sec. Measuring the erage price et een 150 and 2250 sec., �nd that the erage price $0.1879/sec., with standard deviation of $0.0266/sec. 20 4.4 Mark et Dynamics Since Sp awn uses currency as its basic mec hanism for resource allo cation, are in terested in ho close it comes to eha ving lik mark et. Can meaningful mark et price for pro cessor time established and sustained, ev en when relativ ely few mac hines and tasks are in olv ed? If suc price can established, do es it resp ond in reasonable and timely to hanges in the um ers of buy ers and sellers? In this section, in estigate the existence of equilibrium prices, temp oral and spatial uctuations, and transien ts. also examine the e�ects of heterogeneous mac hines on prices in Sp awn ’s computational econom 4.4.1 Equilibrium The simplest case that consider in olv es fully-connected net ork of homogeneous mac hines (i.e., eac mac hine is alued equally the tasks). Eac task placed bid on the auction whic as slated to �nish �rst, and bid elsewhere only up on receiving rejection notice. Eac manager tried to spa wn submanagers, whic ere funded equally Figure 7a sho ws ho the price, eraged er all mac hines, hanged as function of time. As can seen, reasonable equilibrium as reac hed in the sense that the temp oral uctuations ere small compared to the erage. In equilibrium, the total rate at whic currency en ters the system (here $0.06/sec.) ough to equal the rate at whic the auctions collect rev en ue. Since there are six auctions, exp ect the erage price to $0.01/sec., whic matc hes the measured erage. The uctuations in the erage price (the standard deviation measured from 400 to 1200) ere appro ximately 13%. closer analysis also rev ealed that, within eac of the six auctions, the uctuations are in the vicinit of 25%. Next examined the eha vior when the net ork as less densely connected, haracteristic of larger net orks. When mac hines had few connections to one another, emplo ying the simple equal-funding strategy used in the fully-connected case led to signi�can di�erence in prices among the mac hines. Suc price di�erences resulted when relativ ely ealth tasks (close to the ro ot managers of their sp onsorship hierarc hies) ere spa wned near one another, and their relativ ely orer subtasks (deep er in the sp onsorship hierarc hies) also happ ened to spa wned near one another. Where there is ersisten price di�erence across mac hines, clev er managers should able to tak adv an tage of the situation sp ending their money on the less exp ensiv ones. If sev eral clev er managers comp ete against one another, ould then exp ect the price di�eren tials to disapp ear as the prices on the less exp ensiv mac hines are bid up the smart managers lo oking for bargain. address the problem of price di�eren tials, sligh tly more sophisticated funding strategy as emplo ed. Instead of funding eac hild equally only those hildren running on the heap est few mac hines ere giv en the funding. This strategy eliminated the price di�erence; the resulting eha vior is sho wn in Figures 7b 19 Time lo ation unding atio 16 No de orus 36 No de orus 64 No de orus 1:1:1 1.15:1.06:1 1.06:1.04:1 1.08:1.04:1 3:2:1 2.89:1.84:1 2.89:1.75:1 2.95:1.77:1 10:5:1 9.46:4.22:1 12.11:4.68:1 8.18:3.34:1 Figure 5: airness In Larger Systems airness of sim ulated Sp awn system for arious funding ratios among applications. All exp erimen tal runs ere sim ulated using 15 sec. time slices. The sim ulated run lengths ere appro ximately 40 min utes. In all sim ulations, eac mac hine as connected to four others in regular grid to form torus. asks accepted extensions and funded their most cost-e�ectiv hildren. Figure 6: Con tin uous airness Resource usage for three concurren tasks in sim ulated systems. The um er of mac hines inhab- ited eac of the three tasks is plotted as function of time. (a) asks ere funded with funding ratio of 10:5:1 in 36 no de system con�gured as torus. The actual resource usage as observ ed to 12.11:4.68:1, eraged er the en tire run. (b) asks ere funded with funding ratio of 3:2:1 in 64 no de system con�gured as torus. The actual resource usage as observ ed to 2.95:1.77:1, eraged er the en tire run. eac application is able to obtain share of system resources that is close to its share of total system funding. As can see from the tables, the auction mec hanism allo cates time in manner that is reasonably close to the funding ratio in all runs. Moreo er, this fairness of allo cation is usually observ ed throughout the en tire run. Figure presen ts represen tativ sim ulation runs whic demonstrate that reasonable degree of fairness is con tin uously main tained, ev en in large systems. th us exp ect prop er resp onse in more complex situations; for example, when tasks are con tin uously en tering and lea ving the system, or when tasks are funded dynamically based up on partial results. An example of this latter case is an application whic pro vides tasks with most of their funds near the eginning of computation to obtain rough estimate, then pa ys less for further accuracy as can appropriate in Mon te-Carlo calculations. 18 No des, ul ly Conne cte unding atio Time lo ation 1:1 1.04:1 2:1 1.85:1 10:1 12.36:1 3:2:1 2.79:2.00:1 12 No de orus unding atio Time lo ation 1:1:1 1.01:1.00:1 2:1 2.92:1 3:2:1 3.50:2.37:1 Figure 4: airness of Resource Allo cation airness of Sp awn for arious funding ratios among applications. All exp erimen tal runs ere erformed on Sun4/110’s using 60 sec. time slices. The runs lasted et een 20 and 30 min utes. The �rst set compares the allo cated time to the funding ratio for six fully-connected mac hines. In these runs, the tasks declined extensions and hildren ere funded equally The second set is for elv mac hines eac connected to four others in regular grid to form torus. In this case the tasks accepted extensions and funded their most cost-e�ectiv hildren. 4.3 airness of Resource Distribution Con en tional op erating systems often emplo simple notion of priority in sc heduling pro cesses. pro cess with high priorit is giv en absolute precedence er pro cess with lo er priorit and the use of pro cessor is gran ted to the highest priorit pro cess that tries to obtain it. The abilit to express priorities for pro cesses a�ords programmers some measure of con trol er the managemen of computational resources. Ho ev er, the con en tional conception of priorit in sequen tial systems do es not scale ell to concurren and distributed systems. In fact, the ery notion of priorit is not ell-de�ned for distributed systems, esp ecially if these systems are comp osed of heterogeneous mac hines. In Sp awn monetary funds abstractly encapsulate relativ resource righ ts, and are analogous to priorit unding units are abstract since they are completely indep enden of mac hine details. They are also relativ e, since the amoun of resource to whic task with giv en amoun of funding is en titled aries dynamically in prop ortion to the con ten tion for that resource. This prop ert ermits concurren Sp awn applications to adaptiv ely expand in to more mac hines when prices are lo w, and forces them to con tract in to few er mac hines when prices are high. Through our exp erimen ts, ha found that the use of funding as priorit is highly e�ectiv e, ev en in decen tralized systems. In order to test the distribution of resources when there are comp eting tasks executing in Sp awn measured the resource utilization with ultiple comp eting ersions of the concurren Mon te-Carlo applica- tion, giv en arious top-lev el funding ratios. Eac application spa wned tree of subtasks, and eac subtask simply bid all of its ailable funding on the auction with the earliest ailable next time-slice. The results for um er of represen tativ examples executed on the actual Sp awn system are summarized in Figure 4. Sim ulation results for larger systems are tabulated in Figure 5. The funding atio columns sp ecify the relativ top-lev el funding rates given to applications. Similarly the time al lo ation columns indicate the relativ amoun of pro cessing time obtaine eac application. fair resource distribution is one in whic 17 Figure 3: Basic Spa wn E�ciency Num er of Mon te-Carlo trials/sec. calculated Sp awn vs. ideal um er of trials/sec. that could erformed concurren tly on indep enden mac hines, for to mac hines. The time slices ere all 60 seconds. The est linear �t indicates that Sp awn op erates with 89.7% e�ciency (i.e. 10.3% erhead) for this particular task and gran ularit When the time slices are doubled to 120 seconds, the erhead drops to 7.6%. 4.2 Use of Idle Mac hines Our �rst exp erimen measured the e�ciency with whic idle mac hines are used in Sp awn do this, in tro duced one concurren Mon te-Carlo task in to net ork of otherwise idle mac hines. As this task executed, it quic kly spa wned subtasks in to all of the ailable mac hines. Eac application manager tried to spa wn submanagers and did not ask for extensions. then measured the um er of Mon te-Carlo trials executed er second as function of the um er of mac hines in the net ork. Figure sho ws the resultan sp eeds compared to those whic could ha een ideally obtained running indep enden serial Mon te-Carlo tasks (con taining no Sp awn -related co de) on the same set of mac hines. Because of the negligible comm unication erhead in the Mon te-Carlo application, observ linear relationship; the slop of appro ximately 0.9 essen tially haracterizes the e�ciency of the Sp awn system. urther exp erimen ts indicated that the bulk of the measured erhead could attributed to extensiv logging of run time diagnostics, and the use of single �le-serv er from whic executable �les ere loaded. Despite these in uences and the need for optimizations, ere satis�ed that an erhead of appro ximately 10% as adequate for our exp erimen tal purp oses. 16 Exp erimen ts 4.1 Ov erview In order to ev aluate the Sp awn system, ha conducted um er of exp erimen ts whic serv ed to quan tify its abilit to mak use of idle mac hines, distribute resources among comp eting tasks, and resp ond to hanging en vironmen t. These exp erimen ts ere based on async hronous Mon te-Carlo applications executing concurren tly in distributed net ork. Mon te-Carlo is probabilistic algorithm that computes erage prop erties of systems 33 ]. It consists of large um er of indep enden trials of system, eac in di�eren con�guration. The desired erage is then computed er the ensem ble of these indep enden trials. Since errors in the computed erages are in ersely prop ortional to the square ro ot of the um er of trials, accurate results require large um er of trials. This tec hnique has een successfully emplo ed in wide sp ectrum of applications, including the umerical ev aluation of in tegrals, determining the eha vior of complicated states of matter, and exploring in teractions in ecosystems and economics. The Mon te-Carlo algorithm as ideal for our purp oses. It is paradigmatic of sim ulation tec hniques requiring great amoun ts of CPU time, and it easily decomp oses in to an arbitrary um er of subtasks, eac erforming um er of indep enden trials. By exp erimen ting with simple Mon te-Carlo applications, ere able to meaningfully explore micro economic approac hes for managing concurren applications without making our exp erimen ts to complex and cum ersome to analyze. The data presen ted in this section is deriv ed from separate sources: orking implemen tation of Sp awn in net ork of Sun orkstations, and detailed Sp awn sim ulator based on the NEST sim ulation engine for distributed systems ]. Sim ulation results are primarily used to establish the scaling prop erties of the system. Eac exp erimen is lab elled with the relev an data source and conditions under whic the exp erimen as conducted. ypical logical in terconnection top ologies used in the exp erimen ts include small, fully-connected systems, and larger systems in whic eac no de is lo cally connected to four others in regular grid to form torus. �rst study the utilization of idle mac hines and erhead asso ciated with the Sp awn then examine the use of funding as priorit mec hanism, and in estigate the resulting fairness of resource distribution. Fi- nally explore the temp oral and spatial dynamics of prices and funding, examining uctuations, equilibria, and transien ts. 15 3.5 Implemen tation Sp awn runs on net ork of heterogeneous Unix orkstations. The protection mec hanisms o�ered mo dern orkstations (e.g., separate, er-pro cess memory address spaces and other supp ort for ulti-pro cessing) ob viate man tec hnical di�culties that plagued prior implemen tations of related systems suc as Enterprise 24 and Worms 31 ]. net ork of Unix orkstations pro vides minimal substrate up on whic Sp awn can successfully implemen ted. Ideally ould ha preferred to tak adv an tage of sophisticated distributed op erating system and programming language designed for op en systems 35 15 19 25 ]. Unfortunately these to ols ere neither generally nor uniformly ailable on the existing mac hines and net orks that used; man are still researc protot yp es. Sp awn is written in the programming language and utilizes the Sun RPC and NFS proto cols for net ork ed computing. Sp awn has een successfully tested on net orks con taining Unix orkstations man ufactured Sun Microsystems (Sun 3, Sun 4) and Digital Equipmen Corp oration (V AX family). the computational lev el, all Sp awn pro cesses comm unicate via an async hronous message-passing pro- to col. Since pro cesses ma short-liv ed (b design or due to lac of funds), Sp awn pro vides facilit for dynamic re-routing of messages and mec hanism for the delegation of resp onsibilit Before terminating, an application manager ma delegate resp onsibilit for its hildren to an other manager in the sp onsorship hierarc y; ypically it will delegate to its wn immediate sp onsor. Additional implemen tation details can found in 37 ]. Our computing en vironmen imp osed sev eral limitations on the scop of the Sp awn pro ject. Since Sp awn executes as an ordinary user-mo de Unix application, pro cess creation is an exp ensiv op eration, and pro cesses are unable to migrate et een mac hines. This limits us to ery coarse-grained pro cesses. Because ere not able to use programming language designed for robust concurren and distributed computation, decided to limit the scop of our applications to those that could easily parallelized and expressed using extensions to existing serial languages (suc as and OR TRAN). There are additional shortcomings in the presen Sp awn implemen tation. First, Sp awn do es not pro vide applications with robust reco ery in the ev en of failure. User computations can ab orted due to mac hine failure or insu�cien funding; it is curren tly the resp onsibilit of applications to reco er from suc failures. etter solution ould for Sp awn to utilize substrate for reliable distributed computation that pro vides robust reco ery from failure using atomic transactions 19 ]. Second, Sp awn is not secure. Although reasonable safeguards and hec ks ha een included, no attempt has een made to protect the Sp awn econom from malicious users in ten up on forging currency or delib erately heating agen ts 26 16 ]. 14 Figure 2: Spa wn Sp onsorship Hierarc An application’s sp onsor con tin ually giv es funds to its hild tasks. The relativ funding rates among hild tasks are con trolled the application manager. managers are free to allo cate their incoming funding in an manner, they can neither create nor destro funds. This onservation of funding prop ert holds at all branc oin ts in the application pro cess tree. The top-lev el manager for computation con trols the total amoun of funding that is pump ed in to the ro ot of the sp onsorship hierarc Since funding cannot really con tin uous, the ro ot no de deliv ers it in discrete drops, whic split in to �ner drops at branc oin ts. The o of funds is illustrated in Figure 2. or example, consider homogeneous task that can spa wn large um er of similar subtasks. simple, e�ectiv manager strategy is to fund eac hild equally Because the erall application can view ed as tree of managers with branc hing factor greater than one, it is clear that funds in tro duced the ro ot manager will sub divided and ultimately deliv ered to the lea es of the managemen tree. Since eac leaf is activ ely bidding to spa wn additional tasks, the distributed computation will able to expand to more mac hines when prices are lo and will forced to shrink bac to few er mac hines when the mark et is not as fa orable. more in telligen manager could decide to hea vily fund the most cost-e�ectiv or pro ductiv hildren. the highest lev el, the allo cation of funding to users is negotiated uman system administrators. Some users ma able to earn the funds they sp end selling un used time on their ersonal orkstations. Users with pro cessing requiremen ts that far exceed their earning oten tials can gran ted funding inc ome ates that re ect their relativ imp ortance or need for resources. 13 auction pro cesses. Application tasks can easily send application-sp eci�c (i.e., opaque to the Sp awn system) messages to their paren managers. Managers receiving messages from hildren can com bine the information they con tain to deliv er aggregate rep orts to higher managemen t. Of course this feature need not used; for example, blac tasks nev er send messages to their managers. 3.4 Sp onsors and unding ey issue that Sp awn confron ted as the dev elopmen of general mec hanism for funding distributed computations. This problem is ery di�eren from that of sc heduling indep enden tasks, since our primary concern is instead with the fair execution of concurren t, tree-structured computations. The concept of sp onsor omputations as dev elop ed researc hers in estigating linguistic constructs for the allo cation of resources in actor programming systems 36 ]. The most recen actor language, or 25 ], emplo ys sp onsors to con trol the rate at whic concurren threads of computation pro ceed. In Acore, ev ery transaction (i.e., message-send and reply) in an actor computation ust sp onsored. When transaction is run, the run time system requests an allo cation of ticks from its sp onsor. tic is the basic unit of computational resource, and represen ts the resources required to erform single message-send. sp onsor ma either gran um er of tic ks, or den further funding, in whic case the transaction’s thread is ab orted. In practice, Acore sp onsors ha primarily een used to den funding to un an ted computations. More sophisticated sp onsor strategies are di�cult to reason ab out, since tic ks are not sensitiv to dynamic resource utilization information, and alw ys represen the same quan tit of resources. Sp awn extends and re�nes the notion of sp onsorship in the con text of mark et-based computational econom In Sp awn managers serv as funding sp onsors for their hildren, dynamically con trolling the relativ fraction of funding allo cated to eac hild task. Relativ allo cation of funds pro vides clean high- lev el framew ork for sp onsorship remo ving lo w-lev el details, suc as absolute funding amoun ts and the need for complex funding request and ev aluation proto cols. simple manager strategy allo cates equal amoun ts of funding to eac hild; more sophisticated strategies ma tak the relativ orkloads, progress, or cost- e�ectiv eness of eac hild in to accoun t. In this Sp awn pro vides basic supp ort for the use of heuristics similar to the \in terestingness" metric emplo ed Eurisko 18 for guiding exploratory computations. The Sp awn sp onsorship hierarc can visualized as tree of pip es, in whic funds o from the ro ot no de of an application to its managers. Eac manager corresp onds to branc oin in the tree consisting of single input pip e, reserv oir, and ariable-width output pip for eac of its hildren. con trol the relativ amoun of funding o wing to individual hildren and the amoun of funding retained for its wn future use, manager can adjust the widths of its output pip es and the size of its reserv oir. Although 12 Figure 1: Application Pro cess Hierarc ork ers (W) rep ort to their lo cal managers (M), who in turn mak rep orts to the next higher lev el of managemen t. Upp er managemen com bines data in to aggregate rep orts. Finally the ro ot manager presen ts results to the user. create lo cal ork er pro cess, an application manager sends spawn-worker message to its lo cal resource manager. This message con tains an abstract task name and list of task argumen ts. The abstract task name pro vides lev el of indirection that facilitates the execution of tasks in heterogeneous computing en vironmen t. task name refers to set of mappings, sp eci�ed in task �le whic map particular ork- station con�gurations on to net ork pathnames for the executable �les that implemen the named task for that con�guration. task �le also de�nes application-sp eci�c ratings for eac ossible con�guration. This information enables applications to sp ecify the relativ e�ciency of executing task on di�eren hardw are con�gurations, and is used the resource manager to �nd the est matc et een task and the resources for sale in the curren mark et. create remote manager for pro cessing subtask, an application manager sends spawn-manager message to the resource manager. This message con tains the information carried the spawn-worker message, as ell as sev eral parameters that the resource manager needs in order to �nd resources for the task’s execution. These include the estimated pro cessing time for the task (normalized to mac hine with an application-sp eci�c rating of unit y), and sp eci�cation of the relativ imp ortance of time ersus price, similar to the metric used in 10 ]. An application manager ma oid the in tro duction of un an ted comp etition (e.g., et een co op erating subtasks) sp ecifying user and group iden ti�cations that should considered \friendly" when bidding on time for new subtasks. Suc tasks are not considered to comp etitors 11 lo w-lev el mark et mec hanisms that lo cate, sc hedule, and purc hase the resources necessary for its execution. the same time, ho ev er, it should ossible for an application to exert some con trol er the general allo cation of funds to allo for in teresting strategies. The Sp awn arc hitecture pro vides uniform mec hanism with these capabilities. Application pro cesses, whic will describ ed in more detail in the next section, simply pro vide high- lev el funding information for their subtasks. The resource manager encapsulates details ab out auctions and bidding pro cedures, and comm unicates with set of nearb auctions. Eac resource manager main tains list of \neigh oring auctions" whic supply price and ailabilit information. This list is easily mo di�ed, and has allo ed us to exp erimen with ariet of logical in terconnection top ologies. Normally eac mac hine is only connected to small um er of other mac hines, demanding highly decen tralized decision-making with no global state or con trols. 3.3 Application Pro cesses Applications are divided in to manager and ork er mo dules. An applic ation worker is the primary compu- tational task for whic resources are allo cated. Eac ork er has corresp onding manager pro cess to whic it ma comm unicate sending messages. An applic ation manager co ordinates the execution of some set of tasks in distributed application. It arranges, via comm unication with the resource manager, to spa wn hild ork ers and submanagers resp onsible for arious subtasks. The application manager th us con tains the in terface of the application to the Sp awn system. sp ecial ot applic ation manager resides on the top-lev el user’s ersonal orkstation and serv es as the user-in terface for distributed computation. The simplest Sp awn applications are blac k-b applications. ro ot application manager requests the execution of single remote task and pro vides some fraction of its ailable funding to pa for it. When the lo cal resource manager has on bid on an a�ordable auction, the remote task (consisting of oth an application manager and an application ork er) is run. The application ork er is blac k-b task (suc as do cumen formatter) that do es not directly in teract with the Sp awn system. Its corresp onding application manager is simple pro cess that captures an output generated the ork er and sends it bac to the ro ot for displa on the user’s ersonal orkstation. More in teresting applications ma consist of tree of tasks executing concurren tly In suc applications, ypical ork er erforms in tensiv computation and erio dically rep orts partial results to its immediate manager. This manager com bines and pro cesses incoming partial results and sends the aggregate results up to the next lev el in the managemen hierarc If partial results can com bined at eac lev el of managemen t, suc rep orts can e�cien tly com bined in concurren t, decen tralized manner. Managers of decomp osable tasks ma also ho ose to sp awn additional hildren to manage subtasks. This pro cess is sho wn in Figure 1. 10 premiums for purc hases of long time slices. simple strategy used throughout this pap er, is linear function relating cost to time slice length. In practice, ounded range of allo able time slice lengths is used to ensure that pro cesses execute long enough to amortize start-up erhead, but not so long that user returning to his \idle" orkstation ould incon enienced while aiting for clien pro cess to terminate. The auctions emplo ed Sp awn are se ale d-bid, se ond-pric auctions. \Sealed" means that bidding agen ts cannot access information ab out other agen ts’ bids, and \second-price" indicates that the amoun paid the winning agen is the amoun o�ered the next-highest comp etitiv bidder. This yp of auction pro vides an incen tiv for agen ts to bid the amoun that time slice is actually orth to them, and has pro ed ery e�ectiv in uman mark ets. Empirical studies and theoretical analyses of auctions can found in the economics literature 11 ]. sealed-bid, second-price auction leads to mark et prices similar to those whic ould created familiar �rst-price auction where agen ts con tin ually try to marginally outbid the curren high bidder. In our system, an auction do es not commit to bidder un til the last ossible momen t; it accepts the highest bidder’s task at the price set the second-highest bidder when the curren time slice is ab out to end. 3.2.2 Resource Managers esour manager pro cess is asso ciated with eac auction. The resource manager is resp onsible for initiat- ing and monitoring the execution of the application task that purc hased the curren slice of pro cessor time. If an application consumes more resources than it has purc hased, the resource manager forcibly terminates it. oid terminating an application pro cess efore it has completed (e.g., due to an inaccurate pro cessing time estimate), an application is giv en right of �rst efusal efore the next time slice is sold. This means that the curren tly-executing application is allo ed to con tin ue its execution as long as it can pa the going mark et price for extension time slices. This capabilit is pro vided ecause terminated pro cesses are not allo ed to restarted and cannot migrate. It is th us the application’s burden to ensure that imp ortan computations are ell-funded, or to cop with failure due to ab orted computations. The resource manager also serv es as an in terface et een high-lev el applications and the rest of the Sp awn system. feel that high-lev el application should not encum ered with decision-making concerning the More sp eci�cally supp ose that agen ts and are the curren highest and second-highest bidders, resp ectiv ely on particular auction. If agen then submits bid greater than that of it will ecome the new highest bidder. The second- highest bid will recorded as that of if and are allo ed to comp ete; otherwise, the second-highest bid will remain that of The precise distinction et een \comp etitiv e" and \friendly" agen ts is explained in the next section. ha exp erimen ted with �rst-price \English" auctions and found that they yield appro ximately the same results as sealed-bid second-price auctions, but incur uc higher computational cost due to the increased comm unication erhead. Note that if there is no second-highest bidder, the price is zero; i.e., in the absence of comp etition, resources are free. These constrain ts are imp osed the programming en vironmen whic used to implemen Sp awn discussion of related implemen tation issues can found in section 3.5. The Spa wn System 3.1 Ov erview ery high lev el of description, Sp awn is organized as mark et econom comp osed of in teracting buy ers and sellers. The commo dities in this econom are computer pro cessing resources, sp eci�cally slices of CPU time on arious yp es of computer orkstations in distributed computational en vironmen t. Buyers are users who wish to purc hase time in order to erform some computation. Sel lers are users who wish to sell un used, otherwise-w asted pro cessing time on their computer orkstations. concrete example of buy er is scien tist who an ts to run large, concurren Mon te-Carlo sim ulation. ypical seller is user who is not activ ely using his ersonal orkstation. Neither buy ers nor sellers need to ph ysically co-presen with their mac hines in order to participate in the Sp awn econom seller executes an auction pro cess to manage the sale of his orkstation’s pro cessing resources, and buy er executes an applic ation that bids for time on nearb auctions and manages its use of computer pro cessing resources. In the Sp awn econom monetary funds encapsulate resource righ ts, and pric equates the supply and demand of pro cessing resources. 3.2 System Pro cesses The sale of pro cessing resources is handled set of system pro cesses that executes on eac mac hine in olv ed in the Sp awn econom 3.2.1 Auctions An auction pro cess con trols the sale of an idle orkstation’s resources, and handles messages from application tasks that an to purc hase slices of its time. Eac orkstation only executes single application task er time slice. Th us, task that has purc hased time slice on mac hine is guaran teed exclusiv access to that mac hine for the duration of the time slice. An auction con tin uously accepts bids on the next available slice of time; i.e., blo of time eginning after the termination of the slice purc hased the curren tly executing application. bid consists of length of time, quan tit of funds, and brief task description. An auction follo ws bid-pro cessing strategy de�ned the seller who initiated it. Auction strategies are parameterized the minim um and maxim um allo able time slice lengths that can sold, and function that expresses the auction’s strategy in terms of slice length, curren bids, and other mark et alues. or example, dep ending on mark et conditions, an auction pro cess ma decide to giv discoun ts or harge oling tasks in distributed system using Enterprise resulted in signi�can erformance impro emen ts er running the same tasks lo cally on their home mac hines. Lik Worms Enterprise su�ered from the unfortunate protection limitations of early computer orksta- tions. Aside from implemen tation-related problems, Enterprise as also limited um er of fundamen tal design decisions. In con trast to Sp awn the system had no pro visions for mark et price information. The ab- sence of price mec hanism inhibited the exibilit of the system constraining the criteria whic con tractors and clien ts could mak decisions. or example, clien ts ere incapable of making tradeo�s e- een fast, exp ensiv con tractors and slo w, relativ ely heap con tractors. Moreo er, price information ould ha eliminated the need for complicating the system with arti�cial \priorities". Sp awn also di�ers from Enterprise in its supp ort for concurren applications in heterogeneous system; Enterprise as limited to the execution of indep enden tasks on compatible orkstations. erguson, emini, and Nik olaou ha examined micr onomic algorithms for load balancing in dis- tributed computer systems 10 ]. Their sc heme, lik the approac describ ed Miller and Drexler, in olv es comp etitiv mark et for resources based up on price mec hanism. In their system, jobs comp ete for com- unication and pro cessing resources bidding on auctions held pr essors Jobs receiv an initial allo cation of money up on en try to the system, whic they ust use to purc hase pro cessing time, and to pa for comm unication harges when crossing net ork links et een pro cessors. Pro cessors auction o� CPU time and comm unication bandwidth to jobs, trying only to sel�shly maximize their wn rev en ues. Jobs bid on a�ordable pro cessors based up on preference relation that is function of price and service time. When pro cessor resource ecomes idle, it holds an auction to determine whic job will next get that resource. In the spirit of Adam Smith’s classic \in visible hand" argumen from economics, it is reasoned that lo cal optimizations sel�sh jobs and pro cessors will lead to globally desirable resource allo cation. erguson et. al. pro vide and analyze sim ulation results, leading them to conclude that their comp etitiv economic algorithms ac hiev globally e�ectiv allo cation of resources that is comparable, and in man cases sup e- rior, to traditional algorithms. Ho ev er, it is imp ortan to note that these results ertain to the problem of sc heduling indep enden tasks in net ork of homogeneous pro cessors. Their sharp fo cus on the collectiv erformance of set of indep enden pro cesses neglected the e�ects of funding allo cation olicies. In fact, the initial allo cation of money to jobs as erformed arbitrarily in their sim ulations. Although they found that aggr gate system erformance is fairly insensitiv to the initial allo cation olicy they did not analyze the e�ects on the erformance of individual jobs. In con trast to the sim ulations describ ed in 10 ], Sp awn as explicitly designed to supp ort concurren applications in heterogeneous distributed system. With Sp awn explore the e�ect of arious funding strategies and their impact on erformance and fairness of resource distribution. large distributed systems with hanging en vironmen t. The problem of sc heduling in distributed computer systems has een topic of activ researc for man ears 35 ]. Most of the ork on distributed sc heduling has fo cused either on deterministic mathematical mo dels or on the form ulation of useful heuristics. The mathematical treatmen ts of sc heduling, suc as those based in graph theory 21 ], usually mak simplifying assumptions that are not viable in real systems. Heuristic approac hes, more common in practice, in olv the estimation and comm unication of load informa- tion for making distributed sc heduling decisions. ariet of heuristic metho ds ha een studied, including random, limited exc hanges of information ], tec hniques from exp ert systems and rule-based programming 22 ], kno wledge-based solutions 29 ], statistical time-series analysis 12 ], and distributed bidding and mark et- lik negotiation metaphors 32 24 ]. This last class of heuristic algorithms, whic are most related to Sp awn ’s distributed computational econom are discussed in the follo wing section. 2.3 Computational Mark ets Giv en the similarit et een resource allo cation problems in distributed computing and economics, it is not surprising that there has een uc discussion of applying mark ets to computation. An early predecessor to computational mark ets as man ual \futures mark et" used to allo cate blo ks of time on single-user PDP-1 34 ]. The most detailed description of ossible computational mark ets has een made Miller and Drexler 27 ]. Their ork on pro cessor sc heduling is most relev an to Sp awn but is primarily concerned with the e�cien auctioning of pro cessor time within single serial computer system. Nev ertheless, their unipro cessor algorithm shares with Sp awn the haracteristic of linearly increasing bids across series of second-price auctions ]. Enterprise is decen tralized mark et-lik sc heduler for load-sharing in distributed computing en vironmen ts 24 ]. Enterprise similar in man resp ects to the Con tract Net proto col 32 ], is organized around sequence of announc ement bid and awar actions. In the announcemen stage, client broadcasts request for bids whic includes description of the task to run, an estimate of required pro cessing time, and umerical task priorit Idle ontr actors reply with bids con taining estimated completion times for the clien t’s announced task. clien collects bids from resp onding con tractors. After pre-determined amoun of time, clien ev aluates all of the bids it has receiv ed and ards its task to the est bidder (usually the one with the earliest estimated completion time). The Enterprise system proto col allo ws for utual selection of clien ts and con tractors; con tractors can decide whic clien ts to serv based up on task information, and clien ts can ho ose among ailable con tractors. In addition to implemen ting the system on net ork ed orkstations, Malone erformed set of sim ulations to test the e�ects of arious pre-set system parameters on the erformance of the system. The results indicated that er wide range of parameters, Related ork Since Sp awn is rather un usual exp erimen tal system, this section presen ts an erview of the div erse dy of related ork. It is imp ortan to eep in mind that Sp awn as not in tended to optimally solv an one particular problem. Instead, it is an empirical in estigation of the e�cacy and desirabilit of mark et mec hanisms in distributed computer net orks. 2.1 Exploiting Idle Time An early exp erimen in distributed computation as the Worms pro ject 31 ]. In this system, worm as computation comp osed of ultiple segmen ts, eac executing on di�eren mac hine. orm segmen con tin ually searc hed for idle mac hines on the net ork in to whic it could replicate itself, causing the orm as whole to \gro w". Although the Worms pro ject highligh ted imp ortan directions for future researc h, it as ultimately rendered impractical. Its primary limitations included rudimen tary con trol structure and the lac of pro visions for protection and sharing on the early Xero Alto orkstations on whic it executed. Sp awn is related to the Worms pro ject in that oth share the vision of ermitting an expanding computation to inhabit idle net ork ed orkstations. Sp awn ’s mec hanisms for resource managemen and con trol, ho ev er, are more sophisticated and exible than the simple strategies emplo ed in Worms Another yp of system is exempli�ed the Condor sc heduling system 20 ], robust system that iden ti�es idle orkstations and sc hedules bac kground jobs on them. ey concern in this system is ac hieving some measure of fairness when oth hea vy and casual users comp ete for idle time 28 ]. Sp awn is similar to Condor in its goal of harnessing idle time on net ork ed orkstations while sim ultaneously addressing the issue of fairness. Ho ev er, Sp awn di�ers dramatically from Condor in its capabilities, mec hanisms, and assumptions. One ey asp ect of Sp awn is its supp ort for concurren applications; an asp ect that is absen in systems suc as Condor This distinction leads to signi�can tly di�eren assumptions. In systems lik Condor the ypical scenario is that there are plen of idle mac hines, but they are di�cult to �nd. In Sp awn assume that there are users with large concurren applications capable of utilizing all ailable CPU time. Th us, the cen tral concern in Sp awn is the fair allo cation of \idle" resources among concurren applications when there are sev eral applications comp eting for those resources. 2.2 Computational Resource Managemen Impro ving metho ds for managing computational resources is cen tral concern of researc hers in olv ed in the study of resource allo cation and sc heduling. Con en tional sc hedulers for computer systems rely up on cen tralized global con trollers to allo cate resources among tasks 30 ], tec hnique whic is not practical for The �rst application of micro economic approac to resource managemen for concurren programs. Sp awn in tro duces sev eral new concepts for abstract, application-lev el resource managemen of co op er- ativ pro cesses in concurren systems. These include the Sp awn sp onsorship hier ar chy mec hanism, the use of con tin uous funding ates to simplify funding allo cation, and onservation of funding prop ert across pro cess forks. The use of monetary funding units as an abstract form of priorit in distributed and heterogeneous systems. Exp erimen ts with Sp awn demonstrate that the use of funding as priorit can ery e�ectiv e. The use of price information to con trol adaptiv expansion and con traction of pro cess trees in concurren applications. The �rst examination of the price dynamics of computational econom The study of price dynamics is imp ortan for understanding the applicabilit and stabilit of mark et mec hanisms in computational systems. 1.4 Roadmap In the next section, place Sp awn in con text examining relev an ork in um er of related areas. In section three describ the basic mec hanisms underlying the Sp awn system. Section four presen ts and analyzes the results of sev eral quan titativ exp erimen ts in whic system parameters ere aried in order to assess their in uence on its erall eha vior. These exp erimen ts ere supplemen ted with sim ulations of Sp awn that pro vide insigh in to its scaling eha vior for large net orks. In section �v discuss the limitations of Sp awn and relate um er of lessons that ha learned from our exp erience with the system. Finally conclude that mark et-lik resource managemen metho ds based on price mec hanism can ork e�ectiv ely in real distributed system, and highligh opp ortunities for further researc h. 1.2 Spa wn Pro ject Ov erview In order to understand the eha vior of computational econom designed Sp awn mark et-based computational system that runs in distributed net ork of heterogeneous high-p erformance orkstations. By studying computational econom in actual use, ere able to guide its design and reform ulate our notions of appropriate erformance criteria in resp onse to our observ ations. more practical lev el, since signi�can amoun of computer equipmen sits idle for large fractions of eac da Sp awn as designed to allo users to tap these otherwise asted resources. If suc an en vironmen is view ed as large ultipro cessor instead of collection of indep enden net ork ed orkstations, Sp awn supp orts oth coarse-grain concurren applications and the sim ultaneous execution of man unrelated tasks. ha implemen ted useful Sp awn applications in oth of these categories, primarily in the realms of concurren Mon te-Carlo sim ulations and remote do cumen formatting. In this pap er, concen trate on the eha vior of large, concurren Mon te-Carlo applications. There are sev eral reasons for this fo cus. First, allo cating resources in concurren application raises um er of in teresting questions concerning in terpro cess co ordination and managemen that simply don’t exist when executing unrelated tasks. Moreo er, although mark et-lik algorithms ha een applied to the sc heduling of indep enden tasks 10 24 ], there app ears to no previous ork on micro economic approac hes for managing resources in concurren applications. Finally Mon te-Carlo sim ulations represen signi�can class of appli- cations whic can mak use of large quan tities of idle CPU time. Suc sim ulations are frequen tly used to understand the eha vior of systems with man degrees of freedom, suc as matter in arious states, ecosys- tems, and economic mo dels. Although these Mon te-Carlo sim ulations are ypically erformed on exp ensiv sup ercomputers, they can easily parallelized, making them natural candidate for distributed computa- tion. Other oten tial applications of Sp awn include remote compilation, and the concurren computation of graphic frames for computer animation. As will ecome apparen t, Sp awn has satis�ed our o-pronged researc goal: not only has it allo ed us to harness the idle-time of computer net ork, but it has also pro en to aluable exp erimen tal orkb enc for studying computational mark ets and the dynamical eha vior of op en systems. 1.3 Con tributions The Sp awn pro ject has resulted in sev eral original con tributions, whic are summarized elo w: The �rst implemen tation of distributed computational econom Sp awn is orking system that serv es as pro of of concept for micro economic approac to ard computational resource managemen t. resp onse to lo cal hanges require more lo calized con trol er resources. are th us confron ted with the hallenge of dev eloping sc hemes for decen tralized resource allo cation. 1.1 Motiv ations The emergence of large, decen tralized systems raises some fundamen tal questions 13 ]. Essen tially there is need for general theoretic guide to the eha vior of large collections of lo cally-con trolled, async hronous and concurren pro cesses in teracting with an unpredictable en vironmen t. In particular, this requires under- standing the relation et een the erall eha vior of the system and that of its constituen ts, whose decisions are based up on lo cal, imp erfect, dela ed, and con icting information. These haracteristics, whic are also found in so cial and biological comm unities, lead us to refer to these collections of in teracting pro cesses as omputational osystems 14 ]. This form of computation has also een termed op en ecause it violates the closed-w orld assumption of traditional computer science 13 ]. Giv en this similarit it is not surprising that there has een some sp eculation concerning the e�cacy and desirabilit of mark et mec hanisms in distributed computer net orks. Since mark et devices suc as auctions and prices facilitate resource managemen in uman so cieties, one migh exp ect them to similarly useful in computer net orks prop osal whic has een elab orated in some detail 27 ]. or example, price mec hanism could allo mac hines with di�eren capabilities to ha di�eren alues, enabling tasks to exibly dev ote their currency to the resources most imp ortan for them. Despite the in tuitiv app eal of the economic approac to op en computational systems, few empirical or quan titativ results exist to con�rm or den its suitabilit Sev eral di�erences et een uman economies and prop osed computer systems based on similar principles bring the analogy in to question. First, uman decision-making is notoriously di�cult to quan tify In addition, uman eings are extraordinarily div erse in their opinions and metho ds for making decisions, fact whic can lead to more stabilit in uman economies than in oten tially less-div erse computational net orks. Finally decisions made computers can tak place in times whic are orders of magnitude faster than those of uman decisions. Recen ork 14 17 suggests that the time-scale on whic decisions are made has strong e�ect on the dynamics of the system. These studies of computational ecosystems also indicate the existence of sev eral other phenomena, suc as large- amplitude oscillations and haotic eha vior, that migh ha detrimen tal e�ects on the erformance of computer systems. Ev en if these issues are resolv ed, there remain practical questions suc as the um er of tasks needed in order to exhibit meaningful mark et-lik eha vior, and ho to exploit kno wledge of this eha vior to e�cien tly manage resources. Spa wn: Distributed Computational Econom Carl A. aldspurger ad Hogg Bernardo A. Hub erman Je�rey O. Kephart Scott Stornetta Dynamics of Computation Group Xero alo Alto Researc Cen ter alo Alto, CA 94304 USA Ma 1989 Revised: No em er 19, 1990; Octob er 21, 1991 Abstract ha designed and implemen ted an op en, mark et-based computational system called Sp awn The Sp awn system utilizes idle computational resources in distributed net ork of heterogeneous computer orkstations. It supp orts oth coarse-grain concurren applications and the remote execution of man indep enden tasks. Using concurren Mon te-Carlo sim ulations as protot ypical applications, explore issues of fairness in resource distribution, currency as form of priorit price equilibria, the dynamics of transien ts, and scaling to large systems. In addition to serving the practical goal of harnessing idle pro cessor time in computer net ork, Sp awn has pro en to aluable exp erimen tal orkb enc for studying computational mark ets and their dynamics. Index erms: Concurren systems, distributed systems, dynamic load sharing, micro economic algo- rithms, priorit mec hanisms, resource allo cation, sc heduling. In tro duction Recen adv ances in computer tec hnology ha led to proliferation of erful net ork ed computers that form large distributed systems. ma jor di�cult in fully utilizing these systems is managing the complexit of co ordinating man tasks on ultiple pro cessors. Simple cen tralized allo cation of tasks ecomes increasingly di�cult as larger parallel mac hines and dis- tributed net orks are dev elop ed. Since data is distributed and rapidly hanging, cen tral con troller cannot access all of the information needed to e�ectiv ely plan detailed eha vior. Instead, reliabilit and rapid Author’s presen address: MIT Lab oratory for Computer Science, 545 ec hnology Square, Cam bridge MA 02139 Author’s presen address: IBM T.J. atson Researc Cen ter, orkto wn Heigh ts, NY 10598 Author’s presen address: Bellcore, 445 South Street, Morristo wn, NJ 07960