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exible, cost-e�ective in-frastructure to support the hosting of applications for Internet ser-vices. In order to enable the design of a \utility-aware" streamingmedia service which automatically requests the necessary resourcesfrom UDC infrastructure, we introduce a set of benchmarks formeasuring the basic capacities of streaming media systems. Thebenchmarks allow one to derive the scaling rules of server capac-ity for delivering media �les which are: i) encoded at di�erent bitrates, ii) streamed from memory vs disk. Using an experimentaltestbed, we show that these scaling rules are non-trivial. In this pa-per, we develop a workload-aware, media server performance modelwhich is based on a cost function derived from the set of basicbenchmark measurements. We validate this performance model bycomparing the predicted and measured media server capacities fora set of synthetic workloads.1 IntroductionA Utility Data Center (UDC) [13, 14] provides a 
ex-ible, cost-e�ective solution by using advanced manage-ment software which allows resources to be automaticallyreassigned in response to changing business and IT re-quirements. The UDC architecture is an ideal platformto support the e�cient hosting of applications for Inter-net services. Most Internet applications are di�cult tomanage due to their highly variable service demand. Themost typical practice used by current service providers isto signi�cantly over provision the amount of resourcesneeded to support such applications by tailoring the re-sources to maximum expected load. The UDC infras-tructure provides a set of new management capabilitiesfor requesting/releasing the system resources to dynam-ically provision the application demands.The area of multimedia services in a networked envi-ronment is one of the rapidly expanding �elds in today'stechnological world. The delivery of continuous mediafrom a central or distributed server cluster to a largenumber of clients is a challenging and resource intensivetask. The evidence from media workload analysis [1, 2]indicates that client demands are highly variable: the\peak-to-mean" ratio may be an order of magnitude orhigher. Additionally, media applications are character-ized by stringent real-time constraints, as each stream

requires isochronous data playout. These features makemedia application a perfect candidate to bene�t from
exible resource management and resource provisioningin the Utility Data Center infrastructure.We are pursuing a vision where large-scale host-ing infrastructures simultaneously provide \resource-on-demand" capabilities to competing Internet services byusing statistical multiplexing in order to dynamicallysatisfy the requirements of services with highly variableloads. Our ultimate goal is to design and implement a\utility-aware" streaming media service which automat-ically requests the necessary resources from the UDC in-frastructure in order to adapt to variable workload de-mand. Among the prerequisites to a design of such autility service is the ability to measure the capacity ofmedia servers (nominal and currently in use) in orderto evaluate the amount of available system resources foradmitting new client requests or to request/release re-sources as needed.In this paper, we develop a workload-aware perfor-mance model of streaming media applications which laysdown a foundation of our utility-aware service design. Inorder to build such a performance model several classicperformance questions should be answered:� how to measure the basic capacity of a streamingmedia server?� what is the set of basic benchmarks exposing theperformance limits and main bottlenecks of a mediaserver?� how to estimate the expected media server capacityfor realistic workload if the measured capacities ofstreaming media server under the basic benchmarksare given?Commercial media server solutions are distinguished bythe number of concurrent streams a server can support [9]without loosing a quality of stream, i.e. until real-timeconstraint of each stream can be met. A standard com-mercial stress test measures a maximum number of con-current streams delivered by the server when all theclients are accessing the same �le encoded at a certainbit rate, e.g. 500 Kb/s.However, a multimedia content is typically encoded atdi�erent bit rates depending on a type of content and atargeted population of clients and their connection band-



width to the Internet. What are the scaling rules forserver capacity when delivered media content encoded atdi�erent bit rates? For example, if a media server iscapable of delivering N concurrent streams encoded at500 Kb/s, will this server be capable of supporting 2�Nconcurrent streams encoded at 250 Kb/s? The other is-sue with a standard commercial stress test is that all theclients are accessing the same �le. Thus another questionto answer is: how a media server performance is impactedwhen di�erent clients retrieve di�erent (unique) �les of amedia content?We introduce a simple set of basic benchmarks to es-tablish the scaling rules for server capacity when deliv-ered streams are encoded at di�erent bit rates:� Single File Benchmark;� Unique Files Benchmark.The measurement results reported in the paper show thatthese scaling rules are non-trivial.There are di�erent system resources limiting a me-dia server performance under the di�erent basic bench-marks. Under the Single File Benchmark, the server per-formance is CPU bounded, while under the Unique FilesBenchmark, the server performance is disk-bound. A typ-ical media server tra�c presents a combination of someclients accessing the same �les (during the same period oftime) and some clients retrieving the \unique", di�erent�les. Under the \mixed" workload, neither a CPU nor adisk are the limiting performance system resources, andhence, they can not be used for monitoring of the avail-able server capacity. In order to manage streaming mediaservice e�ciently, we need to be able to estimate:� what is a currently available/used service capacity?� what fraction of service capacity is required to sup-port a particular stream without a degradation ofits quality?In this paper, we develop a workload-aware performancemodel of media server aiming to estimate the media servercapacity for delivering a realistic workload. This modelis based on a cost function derived from the set of basicbenchmark measurements. The cost function de�nes afraction of system resources needed to support a partic-ular media stream depending on the stream bit rate andtype of access (memory �le access or disk �le access). Wevalidate this performance model by comparing the pre-dicted and measured media server capacities for a set ofsynthetic workloads.In summary, the main contribution of the paper is anew uni�ed framework for� measuring a media service capacity via a set of basicbenchmarks;� deriving the resource requirements (a cost) of a par-ticular stream from the basic benchmarks measure-ments;� estimating a currently available/used service ca-pacity under the realistic workloads via a newworkload-aware performance model based on a costfunction.The remainder of the paper presents our results in moredetail.

2 Experimental TestbedFigure 1 shows our experimental testbed used for mea-suring the media system performance:� a server is rp2450 system with 1-way 550MHzPA 8600 processor, memory { 4 GB, IO Cards {2 1000SX Ethernet, 4 Ultra2 SCSI port on 2 dualport cards, disk con�guration { 4x15K rpm 18.2 GBdisks 4-way striped using HP-UX LVM, HFS �lesystem with block size con�gured to 64KB; operat-ing system { HPUX 11.0,� 14 clients machines are rp2450 systems with 2-way550MHz PA 8600 processors, running HPUX 11.0operating system,� 14 clients machine are connected to a server by aGbit switch 4108gl via 1Gb/s links,� a media server software: RealServer 8.0 fromRealNetworks[9].
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Figure 1: Experimental setup.The con�guration and the system parameters of ourexperimental setup are specially chosen to avoid sometrivial bottlenecks when delivering multimedia applica-tions: such as limiting I/O bandwidth between the serverand the storage system, or limiting network bandwidthbetween the server and the clients. Such system con�g-uration exposes the performance limits speci�c to appli-cation itself, and allows us to derive more general con-clusions about its performance. Our experimental setupuses the general purpose components available in UtilityData Center environment. 1For the load tests, the client emulators are instructedto start a prede�ned number of streams requesting a cer-tain set of �les. The emulator software has a 
exibilityallowing di�erent clients to request di�erent �les. Addi-tionally, di�erent emulators may be con�gured with theirown speci�c parameters as for the number of streams asfor a set of requested �les.1Typically, UDC uses a SAN-based storage solution. A techniqueand approach proposed in the paper is not limited to a particular con-�guration of the experimental testbed used in the study: it allows oneto measure a performance of multimedia applications in a very generalsetting.



3 Set of Basic Benchmarks and MetricsIn this section, we introduce a set of capacity metrics andtwo basic benchmarks aimed at determining the perfor-mance limits of media server caused by di�erent systemperformance bottlenecks. Both of the benchmarks in-troduced below use specially created 20 min video clipsencoded at di�erent bit rates with RealProducer G2 fromRealNetworks representing the typical needs of the Inter-net audience:� 28 Kb/s for analog modem users,� 56 Kb/s for analog modem and ISDN users,� 112 Kb/s for dual-ISDN users,� 256 Kb/s for cable modem users,� 350 Kb/s for DSL/cable users,� 500 Kb/s for high-bandwidth users.The primary objective of the basic benchmarks is to de-�ne how many concurrent streams of the same bit ratecan be supported by a media server without degradingthe quality of any streams.3.1 Capacity Metrics: Server Overload and De-graded Stream QualityIn our experimental setup, we use two main performancemetrics to determine whether a server has reached itsmaximum capacity for the applied workload. One ofthese metrics is collected at the media server side andthe other one - at the client side. These metrics arecomplementary. Typically, the server side metric reliablyre
ects the server state and can be used alone to deter-mine whether the server capacity for applied workload isreached. 2Server Side Metric: Server Overload Metric. Re-alServer can be con�gured to report a set of useful statis-tics (ServerStats) about its current state. The defaultvalue for a reporting interval is 3 sec, we use a 10 secvalue in our experimental setup. We list here only a fewstatistics from ServerStats which we observe during thestress tests for server monitoring purpose.� the number of streams currently playing by theserver,� the aggregate bandwidth requirements of currentlyaccepted streams,� the average bandwidth delivered by the server dur-ing the reporting interval,� the number of packets being sent with violation ofthe real-time constraints: an alarming informationabout a server being in overload state.To determine whether the server capacity is reached, weuse a server overload metric providing the informationabout the packets sent with violation of \on-time de-livery". These packets are indicative of a server beingoverloaded and that its available capacity is exceeded.2In case, when the network bandwidth in the measurement testbedis a limiting performance bottleneck, the combined information fromserver-side and client-side metrics helps to reveal this bottleneck.

Client Side Metric: Degraded Stream Quality Met-ric. On a client side, we are interested in observingwhether a client has entered a rebu�ering state whichmeans:� the client has stopped playing because the current\play" bu�er is empty,� the client waits until the \play" bu�er is �lled toacceptable level to continue play back.We use a specially written software, called ClientStats, toobserve the number of rebu�ering events and the statis-tics on the average stream bandwidth received by theclient. In our experimental setup, where communicationinfrastructure between the server and the clients is not alimiting resource, the existence of rebu�ering events onthe client side re
ects a degrading quality of the deliveredstreams as a results of the server being overloaded.3.2 Single File BenchmarkThe Single File Benchmark measures a media server ca-pacity when all the clients in the test are accessing thesame �le. We designed a completely automatic bench-mark which runs a sequence of tests with an increas-ing number of clients requesting the same �le from theserver for each of the six encoding bit rates. During eachtest, we collected ServerStats, ClientStats, general per-formance information of a server machine and the clientmachines using vmstat. To make sure that none of thevideo clip data are present in the �le bu�er cache (mem-ory), and a �le is streamed from the disk, a �le system isunmounted and mounted back before each test point.The main goal of the basic benchmarks is to de�nehow many concurrent streams of the same bit rate canbe supported by the media server without degrading thequality of streams.While the maximum achievable media server capacitydepends on the encoding bit rate of the �le, the perfor-mance data collected at the server and the clients are sim-ilar. Using two representatives, �les encoded at 112 Kb/sand 350 Kb/s, we show more details about server perfor-mance, its limits and bottlenecks under the Single FileBenchmark.For a �le encoded at 112 Kb/s, a media server capacityis reached at 1350 concurrent streams, and for a �le en-coded at 350 Kb/s { at 500 concurrent streams. Thus weobserve that the media server capacity scales di�erentlythan the encoding bit rates of the underlying �les: thedi�erence in encoding bit rates between 112 Kb/s �le and350 Kb/s �le is 3.125, while the di�erence in server capac-ity for corresponding bit rates is only 2.7. Intuitively, me-dia server incurs an additional overhead while handling ahigher number of concurrent streams encoded at lowerbit rate comparing with handling a smaller number ofconcurrent streams encoded at higher bit rate (even for acase, when the aggregate bandwidth requirements of thedelivered streams are the same).Figures 2 a) and 3 a) show the CPU utilization andthe application related part of it for corresponding �lebit rates. Under the Single File Benchmark, the media
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Figure 2: Single File Benchmark for a) 112 Kb/s tests: a) Server utilization, b) Server bandwidth, c) Stream bandwidth.
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Figure 3: Single File Benchmark for a) 350 Kb/s tests: a) Server utilization, b) Server bandwidth, c) Stream bandwidth.
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Figure 4: Single File Benchmark: a) Server Capacity, b) Maximum Delivered Bandwidth c) Server Capacity Scaling Rules.server is CPU bounded. The shape of the CPU utilizationcurve is not linear for both encoding bit rates. During the�rst half of the server capacity load, the CPU utilizationgrows linearly and reaches nearly 85%. The second half ofthe server capacity is achieved by utilizing the remaining15% of the CPU resources, and �nally, when the CPUutilization reaches 100%, it becomes a limiting factor ofthe media server performance.Often, the utilization of a bottlenecked resource is usedto build a simple normalized performance model of a cor-responding system or application. For example, a sys-tem capacity achievable at 100% utilization of a bottle-neck resource represents a 100% of applied load. Thenat 50% utilization of a limiting resource a system canprocess a 50% of an applied load (i.e. 50% utilization ofa bottleneck resource corresponds to 50% of server ca-pacity). The shape of the CPU utilization curve in Fig-ures 2 a) and 3 a) overwrites an existence of such simpleperformance model for streaming media server (even fora case, when a workload is delivered from memory). Wewould like to stress this observation in light of a perfor-mance model developed in Section 4.Figures 2 b) and 3 b) show the overall bandwidth in

Mb/s delivered at the server side. It grows linearly, un-til the server capacity is reached, and after that band-width delivered by the server 
attens. For a Single FileBenchmark and a �le encoded at 112 Kb/s, the band-width delivered by a server peaks at 151.2 Mb/s, andfor a �le encoded at 350 Kb/s, the maximum deliveredbandwidth is 175 Mb/s.Figures 2 c) and 3 c) present a complementary infor-mation from the client side: once a server capacity isreached, the quality of the streams starts to degrade sig-ni�cantly: 10% of extra load causes around 9% of streambandwidth degradation.The set of graphs in Figures 2 b) and 3 b) helps to pre-dict the quality of service implications under server over-load condition. Typical media server application does nothave a \built-in" admission control mechanism. Since amaximum server capacity de�nes the maximum band-width a server can deliver at a particular bit rate, anyaccepted load in addition to a basic server capacity re-sults in degradation of delivered stream quality: X% ofadditional load causes 100�X(100+X) % of degradation in de-livered stream bandwidth. Thus, measurements of mediaserver performance under a set of basic workloads provide



useful insights into the speci�cs of application behaviorunder overload conditions which can be used in design ofan e�cient admission control strategy for media servers.Utility-aware services typically require a certain level ofquality guarantees. Understanding the relationship be-tween the server overload and QoS of delivered streamsis essential for implementing such guarantees.Figure 4 a) presents the maximum capacity in concur-rent streams achievable by the streaming media serveracross six di�erent encoding bit rates under the SingleFile Benchmark. Figure 4 b) shows the correspondingmaximum bandwidth in Mb/s delivered by the mediaserver for di�erent encoding bit rates. The shape of thecurve is interesting: for higher encoding bit rates thedi�erence in achievable bandwidth is much less signi�-cant than for lower bit rates. Many admission controlstrategies designed in literature use the \�xed" maxi-mum bandwidth a server is capable to deliver as a main\scheduling" resource for admission of a new stream. Ev-idently, the amount of bandwidth a server is capable todeliver is variable and depends on the encoding bit ratesof current streams in progress.Figure 4 c) shows the normalized graph re
ecting thescaling rules for the media server capacity under the Sin-gle File Benchmark and di�erent encoding bit rates. Inthis �gure, point (1,1) presents the maximum capacity(360 concurrent streams) achievable by a server when allthe clients in the test are accessing the same �le encodedat a 500 Kb/s bit rate. Each absolute value for the otherencoding bit rate is normalized with respect to it. Forexample, the maximum capacity achievable by a serverunder Single File Benchmark and a 28 Kb/s encoding bitrate is 3300 concurrent streams and is represented by apoint (17.9, 9.2).Figure 4 c) re
ects that the server capacity scalingrules are non-trivial. For example, the di�erence betweenthe highest and lowest bit rate of media streams used inour experiments is about 18 times. However, the di�er-ence in maximum number of concurrent streams a serveris capable of supporting for corresponding bit rates is onlyaround 9 times. Figure 4 c) shows that a media servercapacity scales non-linearly comparing to the encodingbit rates of underlying �les.In summary, under the Single File Benchmark onlyone stream reads a �le from the disk, while all the otherstreams read the corresponding bytes from the �le bu�ercache. Thus, practically, this benchmark measures astreaming server capacity when the media content is de-livered from memory. However, it is not necessary thatthe streamed media �le completely resides or �ts in thememory. In essence, this benchmark exercises the sharedaccess by multiple clients to the same �le.3.3 Unique Files BenchmarkThe Unique File Benchmark measures the media servercapacity when each client in the test is accessing a di�er-ent (unique) �le.Similarly, for the Unique File Benchmark, we designed

a completely automatic benchmark for all of the six en-coding bit rates, which runs a sequence of tests with anincreasing number of clients, where di�erent clients re-quest di�erent �les from the server. For a test point withN di�erent clients, each �le from the original basic set of�les is replicated N times correspondingly, where di�er-ent copies of the �le are given di�erent �le names. Weused the LVM features of HP-UX to create a striped vol-ume across the 4 disks in our experimental setup. Tomake sure that none of the video clip data are presentin the �le bu�er cache (memory), and all the �les arestreamed from the disk, a �le system is unmounted andmounted back before each test point.As intuitively expected, under the Unique File Bench-mark, the CPU is not a resource which limits server per-formance: for all the tests in this study, it is below 45%.The server performance under Unique Files Benchmarkis disk-bound: this particular bottleneck is hard to mea-sure with the usual performance tools. The maximumbandwidth delivered by a disk depends on the numberof concurrent streams it can support with an acceptablelevel of jitter, i.e. without violating on-time delivery con-straints.The measurements reveal a similar server behavior un-der overload for the Unique Files Benchmark as was ob-served for the Single File Benchmark in Section 3.2 inFigures 2 b, c) and 3 b, c). This re
ects that a mediaserver has a typical behavior under overload conditionsacross di�erent workload types.Figure 5 a) presents the maximum capacity in concur-rent streams achievable by the streaming media serveracross six di�erent encoding bit rates under Unique FileBenchmark. Figure 5 b) shows the normalized graph re-
ecting the scaling rules for the media server capacityunder the Unique File Benchmark and di�erent encodingbit rates. It shows that the capacity scaling rules un-der Unique File Benchmark are non-trivial and are dif-ferent from the capacity scaling rules under Single FileBenchmark. Finally, Figure 5 c) compares achievable me-dia server capacity for Single vs Unique File Benchmark.The media server performance is 2.5-3 times higher un-der the Single File Benchmark than under the UniqueFiles Benchmark. These results quantify the performancebene�ts for multimedia applications when media streamsare delivered from memory as well as suggest that muchhigher performance can be achieved for workloads whichexhibit a high degree of shared client accesses to the samemedia �les.In summary, under the Unique Files Benchmark all thestreams read their �les from disk. Thus, practically, thisbenchmark measures a streaming media server capacitywhen a media content is delivered entirely from the disk.The performance results under such workload type arehighly dependent on a choice of a �le system and diskcon�guration. Service providers might use the proposedUnique Files Benchmark for performance evaluation ofdi�erent components available in UDC infrastructure tomake the right choices for the best performing systemcon�gurations.
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Figure 5: a) Server Capacity under Unique Files Benchmark, b) Server Capacity Scaling Rules under Unique Files Benchmark, c)Comparison of Server Capacity: Single File vs Unique Files Benchmark.4 Workload-Aware Performance Modelof Streaming Media Server CapacityIn Section 3, we showed how to measure the basic ca-pacity of a streaming media server using the set of basicbenchmarks. The main goal of this section is to answera question: how to compute the expected media servercapacity for realistic workload if the measured capacitiesof streaming media server under the basic benchmarksare given.In this section, we develop a workload-aware server ca-pacity model which is based on a cost function derivedfrom the set of basic benchmark measurements. Intu-itively, the cost function de�nes a fraction of system re-sources needed to support a particular stream dependingon the encoding bit rate of the corresponding �le andaccess type to a corresponding �le.With each stream delivered by a server we associatean access type:� memory access if a stream retrieves a corresponding�le (or the corresponding bytes of the �le) from thememory;� disk access if a stream retrieves a corresponding �lefrom the disk.Additionally, we use the following notations:� X = X1; :::; Xk - a set of encoding bit rates of the�les used in basic benchmarks,� NsingleXi - the maximum measured server capacityin concurrent streams under the Single File Bench-mark for a �le encoded at Xi Kb/s,� NuniqueXi - the maximum measured server capacityin concurrent streams under Unique Files Bench-mark for a �le encoded at Xi Kb/s,� costmemoryXi - a value of cost function for a streamwith memory access to a �le encoded at Xi Kb/s,� costdiskXi - a value of cost function for a stream withdisk access to a �le encoded at Xi Kb/s.Under the Unique Files Benchmark, all the streams havea disk access type, because all the streams read the corre-sponding �les from the disk. Hence each stream requires

a fraction of system resources de�ned by the costdiskXivalue.Under the Single File Benchmark, one stream has adisk access type (it reads the corresponding �le from disk,and hence requires a fraction of system resources de�nedby the costdiskXi value) while the rest of the streams re-trieve a corresponding �le from the memory and, there-fore, have a memory access type and require a fraction ofsystem resources de�ned by the costmemoryXi value.Let 1 be a media server capacity. The following ca-pacity equations describe the maximum server capacitymeasured under a set of basic benchmarks for each en-coding bit rate Xi 2 X :NuniqueXi � costdiskXi = 11� costdiskXi + (NsingleXi � 1)� costmemoryXi = 1By solving the equations above, we can derive the corre-sponding cost function values:costdiskXi = 1NuniqueXicostmemoryXi = NuniqueXi � 1NuniqueXi � (NsingleXi � 1)LetW be a current workload processed by a media server,where� Xw = X1; :::Xkw - a set of encoding bit rates of the�les used in W (Xw � X),� NmemoryXwi - a number of streams having a memoryaccess type to a subset of �les encoded atXwi Kb/s,� NdiskXwi - a number of streams having a disk accesstype to a subset of �les encoded at Xwi Kb/s.Then the applied Load to a media server under workloadW can be computed by a formula:Load = kwXi=1 NmemoryXwi � costmemoryXwi + kwXi=1 NdiskXwi � costdiskXwiIf Load � 1 then the media server is overloaded and itscapacity is exceeded. The di�erence Load � 1 de�nes
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Figure 6: Measured vs Expected Server Capacities for a single-unique-one-bit-rate workload: a) � = 1=3, b) � = 1=2; and c) � = 2=3.the amount of overload or server exceeded capacity. IfLoad � 1 then the media server operates within its ca-pacity, and the di�erence 1�Load de�nes the amount ofavailable server capacity.We validated this performance model of media serverby comparing the predicted (computed) and measuredmedia server capacities for a set of di�erent syntheticworkloads:� single-unique-one-bit-rate,� single-six-bit-rates,� unique-six-bit-rates.Under single-unique-one-bit-rate workload, all the clientsare accessing the �les encoded at the same bit rate. Letthe encoding bit rate be Xi Kb/s. Let the number ofclients accessing the unique �les and the number of clientsaccessing the same (single) �le be de�ned as following:� � � NuniqueXi clients are accessing the unique �les,where � � 1 and NuniqueXi is a measured server ca-pacity in concurrent streams under Unique FilesBenchmark for �les encoded at Xi Kb/s,� (1� �)�NsingleXi clients are accessing the same �lewhere NsingleXi is a measured server capacity in con-current streams under Single File Benchmark for a�le encoded at Xi Kb/s.The number of clients (or concurrent streams) in thisworkload is designed in a special way: if our performancemodel of server capacity is correct, then under the single-unique-one-bit-rate workload the server maximum capac-ity should be reached. We call it expected (computed)server capacity.Using our experimental testbed, we ran single-unique-one-bit-rate mix workload for � = 1=3; � = 1=2; and� = 2=3 and six bit rates of interest. In the workloadsunder test, we �xed the number of clients accessing theunique �les accordingly to a formula de�ned above andslightly varied the number of clients accessing the same�le to determine experimentally when the server capacityunder test is reached using the capacity metrics de�nedin Section 3.1.Figure 6 shows the measured vs expected server ca-pacities under single-unique-one-bit-rate workload. Themeasured server capacity closely matches the expected

media server capacity across di�erent encoding bit ratesand di�erent values of � (the error is within 1-8%).Under single-six-bit-rates workload an equal numberof clients are accessing the six single �les encoded at sixbasic bit rates used in the study, i.e. N clients are ac-cessing the same �le encoded at 28 Kb/s, N clients areaccessing the same �le encoded at 56 Kb/s, etc.Under unique-six-bit-rates workload an equal numberof clients are accessing the sets of di�erent (unique) ilesencoded at six basic bit rates, i.e. N clients are access-ing N di�erent �les encoded at 28 Kb/s, N clients areaccessing N di�erent �les encoded at 56 Kb/s, etc.Figure 7 shows the measured vs expected server ca-pacities under single-six-bit-rates and unique-six-bit-ratesworkloads. 3 The measured server capacity matches theexpected server capacity very well for both workloads(the error is less than 4%).
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Figure 7: Server Capacity: Measured vs Expected a) single-unique-one-bit-rate workload b) unique-six-bit-rates workload.Thus, the performance model of media server capac-ity based on a cost function derived from the set of basicbenchmark measurements closely approximates the ex-pected media server capacity for realistic workloads.5 Related WorkDelivering multimedia content over Internet faces manychallenges: an immature broadband Internet infrastruc-ture, the real-time nature of multimedia content and3We used these two workloads to observe: what are the rules fordegradation of stream quality under server overload conditions for me-dia �les streamed at di�erent encoding bit rates? The preliminary re-sults show that high bit rate streams experience degradation of quality�rst. We are going to quantify these QoS fairness rules in our futurework.



its sensitivity to congestion conditions in the Internet,high backbone transmission cost, a multiplicity of com-peting standards for media encoding and delivery. It iscommonly recognized that multimedia applications canconsume signi�cant amount of server and network re-sources. Much of the research community e�orts havebeen concentrating on improving media server technol-ogy (e.g. [5, 10], building caching infrastructure support(e.g. [11]), and designing scalable streaming protocols(e.g. [4, 12].In [6] a probe-based algorithm for QoS speci�cationand adaptation is proposed to evaluate the resourcesavailable (required) on a client and a server side to sup-port certain QoS guarantees for Video-On-Demand ser-vice. In later work [7], as a part of QoS-aware resourcemanagement for distributed multimedia applications, theresource broker performs admission control using clientQoS pro�le in which the amount of required resourcesis speci�ed. Such a pro�le either is prebuilt o�-line orcreated in on-line manner using testing service proposedin [6]. Our work proceeds in a similar direction and pro-poses a uni�ed framework for measuring a performanceof commercially available media server applications. Ourapproach and designed performance model allow one toestimate the necessary system resources required to sup-port a particular stream without QoS degradation.The current trend of outsourcing network services tothird parties has brought a set of new challenging prob-lems to the architecture and design of automatic resourcemanagement in Internet Data Centers. In [3], authorspresent Muse - a design and implementation of an ar-chitecture for resource management in a hosting centerwith an emphasis on energy as a driving resource man-agement issue for large server clusters. To demonstrateMuse functionality and its main principles authors useweb server workloads. In paper [8], authors develop aframework for QoS driven dynamic resource allocation inInternet Data Centers. The authors goal is to adaptivelymigrate servers between the set of hosted applicationsaccordingly to their workload demands.A set of commercial benchmarks are proposed for mea-suring a performance of commercial web servers. How-ever, similar benchmarks and the corresponding perfor-mance studies are not currently available for commercial(academia/research) media servers. Work performed inthis paper presents a step in this direction.6 Conclusion and Future WorkThe Utility Data Center provides a convenient, 
exibleinfrastructure to dynamically support hosting services forInternet applications. Among the prerequisites to a de-sign of a utility-aware service is the ability to measurethe capacity of media servers (nominal and currently inuse) in order to evaluate the amount of available sys-tem resources for admitting new client requests or to re-quest/release resources as needed.A standard commercial stress test used by most of the
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