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Abstract—

Event processing systems link event producers and consumers
in a flexible manner, by supporting multiple communication
patterns and powerful message transformations. Such systems
support both loosely coupled communication patterns, such as
one-to-one or one-to-many, and tightly coupled (request-response)
patterns. An important concern in these systems is the allocation
of resources used to support event processing. These include
traditional constrained resources such as CPU and network, as
well as an increasing reliance on storage resources. For instance,
transactional and reliable producers require events to be logged
to stable storage.

In this paper we consider the problem of utility driven allo-
cation of these resources, taking into account resource capacity.
In contrast to previous work, we (1) develop a unified utility
model to deal with throughput requirements of one-way flows and
latency requirements of request-response flows, (2) differentiate
between classes of consumers for one-to-many flows and subject
these classes to consumer admission control, (3) compute system
optimization constraints using both resource bandwidth and
latency, and (4) develop a control architecture that combines
periodic optimization with continuous rate control, both of which
are utility aware. We describe an experimental evaluation of our
approach on a prototype event processing server.

I. INTRODUCTION

o Trade Data An application is producing events corre-

sponding to each trade in the stock market for a certain
market segment. There are two kinds of consumers inter-
ested in this data: (1) consumers at one or more brokerage
firms, calledgold consumers, which pay for the data, and
(2) public consumers connected over the Internet. The
gold consumers have a higher priority because they bring
more benefit to the system. A consumer attaches to a
node in the system, and receives the events it is interested
in. Before being provided to public consumers, events
are altered within the system and certain fields available
only to gold consumers are removed. In addition, gold
consumers expect reliable delivery, which places extra
overhead on the system to process acknowledgments. The
event flow needs to be delivered with low latency, and
therefore, is not verglastic[5] in terms of rate, i.e., the
rate cannot be decreased to tolerate delays. In case of
lack of resources, the system can reduce load by using
admission control to deny service to public consumers.
Latest Price Data An application is producing events
representing the latest prices of IBM stock. Public con-
sumers connected to the system receive price events

Event processing systems link event producers and con- which satisfy a consumer-specified filter (e.g., prise

sumers in a flexible and powerful manner, by supporting
multiple communication patterns and enabling transformation filter to determine whether the event should be delivered
and filtering of messages as they flow from producers to to the consumer. The event flow is very elastic, since rate
consumers. The class of event processing systems includes can be decreased (and latency increased) by reducing the
(1) messaging middleware [1], (2) evestream processing frequency of updates. In case of lack of resources, the
systems [2], [3], and (3) systems supporting the Enterprise Ser- system can reduce load by either reducing the producer
vice Bus [4] architecture for service-oriented integration. Com-  rate, denying service to consumers or both.
munication patterns include both loosely-coupled (one-way), )
and tightly-coupled (request-response) interactions. Similarly,!n the above scenarios, system resources are consumed both
transformation and filtering may be accomplished directly B @ per event basis, independent of the number of consumers,
system-hosted application code, or implicitly using declarati@d On a per event, per consumer basis. The cost of the latter
specifications as in content-based publish/subscribe [1]. ¢an vary depending on the complexity of the per consumer
Event processing systems provide these services by alloddcessing, like content filtering, reliable delivery, etc.
ing CPU, network and storage resources on behalf of userslin this paper, we consider the problem of allocating re-
For instance, persistent storage may be allocated to suppmtirces in an event processing system such that user “utility” is
transactional producers. However, since system resources raeximized. Utility is an abstract measure of benefit to the user
bounded, and since applications may have widely varyinghich we seek to maximize given the available resources. Our
requirements and importance, a significant problem is th@proach consists of a utility model which expresses user ben-
optimal allocation of resources. We illustrate the problem witkfit in terms of allocated rate, allowable latency, and number
a few simple workload examples: of consumers; a resource model which defines the constraints

80). That is, for each price event, the system evaluates the



of the available resources; an optimization algorithm which is aware of system utilization. An event processing system
executed periodically to maximize utility within the constraintsnay scale to a wide-area environment with multiple entry
of the resource model; and, a runtime system which enforgesints, and supports both one-way and request-response in-
resource allocations, implements continuous rate control, aedactions; therefore, rate control can not be ignored. Con-
provides feedback into the optimization mechanism. versely, techniques for communication networks have focused
A novel feature of our approach is the unification of utilityon optimizationflow control [6], which uses near-continuous
for both one-way and request-response flows into a singkte optimization (say with a period of 1 second) to adjust
model. That is, while previous work has typically consideredhte allocations and prevent congestion collapse. Flow control
utility models in isolation, such as latency-based models fatone is sufficient in this case because only rates are optimized,
request-response interactions in web servers, or rate-baseticonsumer population.
models for bandwidth allocation in communication networks, The remainder of the paper is organized as follows. Sec-
we have developed an approach to transform round-trip ken Il describes the utility model and Sectidhi/ the re-
tency requirements into rate requirements in order to simplifpurce modeling approach. Sectitvi describe the control
optimization. Likewise, our utility model must also considearchitecture and components. Sectidnpresents a detailed
consumer admission, since the set of potential consumers reaperimental evaluation. Sectidtil describes related work and
scale beyond system capabilities. Our utility model assigng conclude in SectioWII..
a utility function to classes of consumers, and incorporates
population size into the utility computation. In contrast, related 1. UNIFIED UTILITY MODEL

work on resource allocation in event processing systems does ) , - )
not consider consumer admission control We model user requirements in terms of utility, which

We have developed a resource model using a blend of oniff{lects the degree to which user requirements have been
and offline modeling techniques. The model constrains tfet. The system uses utility to determine resource allocations
allocation of resources according to both resource bandwidt} '_Ch maximize total utility. Utlity is descrlb.ed using two
and the latency incurred by using a resource. In particuldfgical abstractions, flow and consumer class:

bandwidth placgs aggregate co_nstraints on multiple usersgpb: A flow is used to group related messages that have
a resource, while the latency incurred in using a resourggijar quality requirements. For instance, all stock quote
places individual constraints on each user. Given the ﬁ“ﬁ'fessages for a particular market segment may be grouped
grained multiplexing of message flows within a server, it iﬁ)gether as a single flow. We consider two types of flows:
hard to estimate resource bandwidth models online. Theref ) one-way and (2) request-responseOne-way flows are

we construct offline bandwidth models by fitting parameterizgiher classified into two typesne-to-oneand one-to-many
equations to carefully controlled test scenarios, and use onliRgnient-based publish/subscribe is an example of a one-to-
measurement for error correction. Conversely, resource Iaterpﬁgny flow, where a single message may be delivered to
is sensitive to overall load on a server, making it difficuliytiple recipients. Similarly, message queues in middleware
to develop offline models. In this case, we construct modelyjications are examples of one-to-one flows. Note that
online by instrumenting processing paths. messages in a one-to-one flow are delivered to exactly one

The utility and resource models are used by a runtimgnsumer, even when there are many potential consumers for
resource manager which combines periodic optimization agd.p, message.

utility aware continuous rate control to manage resources.
The optimization problem does not lend itself to standai@onsumer Class:For a one-to-many flow, a consumer class
techniques in related work due to the non-concavity of trggoups flow consumers that have the same importance and
objective function and non-convexity of the constraints. Wkesource requirements. For instance, high-premium consumers
describe an efficient greedy optimization approach based may be grouped into a 'gold’ consumer class. Each consumer
the benefit-cost ratio of optimization variables. Similarly, welass is associated with a particular one-to-many flow, and each
derive a utility aware rate control mechanism, inspired Bjow may have multiple consumer classes. Consumer classes
network flow control [6], [7], which is used to adjust rateare only needed for one-to-many flows since a single message
values between optimization events and prevent congestivay be delivered to diverse sets of consumers. However, for
collapse. one-to-one and request-response flows, the 'premium’ of the
Note that in contrast to related work, we require bothingle consumer is incorporated directly into the overall utility
optimization and utility aware rate control. For instance, wels described below.
server resource allocation has typically only used periodic Our goal is to express utility in terms of (1) the ratgy.,.,
optimization (say with a period of 30 seconds) and/or alocated to a flow when it enters the system; and (2) for one-
scheduling algorithm. For web workloads, rate control is nad-many flows, the number of consumers,;,., admitted to
necessary because of (1) the inherent throttling built intbe system for each consumer class. These parameters allow
request-response loads which prevent significant overload dhe system to allocate resources by exercising control at the
to changes between optimization events, (2) the single enéwydpoints of the system, i.e., enforcing;,. at the entry
point to the system is controlled by the scheduler whighoints of messages, ang,;;,. at the exit points of messages.
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T_exec

different types of flows. O O
A. Utility for One-Way Flows il :
For a one-to-one flow, utility, U;, is expressed directly as @) O

a function ofrq10.(7), €.9.,Ui(Tau10c(7)) L. This function im- N servers ralloc™T_exec servers
plicitly encodes the maximum rate at which message producers
for this flow want to send messageS, ga,yam. In partlcular, Fig. 1. Queuing network model to transform,;;,. to latency.

Ui(7aii0c) Will Not increase forrqioc > rmaz. Additionally, a
valuer,,;, is specified as a lower-bound on the rate allocation.
In this paper we assume thf is non-decreasing, continuous,Ttnink- Assuming an uncongested system, e.g., the system
and concave for,;.. > rmin. OUr experiments use piece-maintains itself in an uncongested state using our control
wise linear utility functions. techniques, the average time interval between admitting a
For one-to-many flows, utility is expressed per consumégguest into the system and sending back a response to the
All consumers in a class have the same utility function, ari@quester can be estimated online. We denote this estimate
the utility of the class is the sum of the utility of each consumés T...., the 'execution’ time of the request. Execution time
in that class that is receiving service. Therefore, the utility gfepends on the utilization of resources in the system, and
a class; corresponding to flowi, iS nuu0c(5)Uj(ranoc(i)). €an vary significantly, as the utilization changes. As resource
The properties ot/; are the same as described previously fd#tilization is mainly a function of workload and not of our
one-to-one flows. The total utility of the flow is the sum ofesource allocation method (which partitions the utilization
the utilities of each class for the flow. amongst competing users based on utility),,.. is not
Although we have expressed each consumer’s utility fungignificantly influenced by the resource allocation result, and is
tion in terms ofr,;;.., cONsumers may observe a different ratgn acceptable input for determining rate allocations. Note that
due to in-network filtering or aggregation. However, becaugexecution’ time views the system as a black box. For example,
this observed rate will be a function ef;;.., we believe it is the system could be deployed over a wide-area network which
acceptable to express consumer utility in terms of the rateratites the request over multiple hops. However, these details
which the flow entered the system. are abstracted in the valdg,... In addition to7,,..., requests
Moreover, whereas previous work [8], [9] has focused owill experience a queuing delay which depends on the rate
end-to-end latency and ignored flexibility in rate, we instea@llocation to the flow at the entry point to the system.
focus solely on rate. We believe flexibility in rate is a key We combineN, T;inx andT,,.. to estimate mean round-
mechanism for controlling resource allocation, and is an inrip delay, 7, using mean value analysis (MVA) of a queuing
portant factor in determining end-to-end latency since lowerimgtwork model [11]. Figurel shows the queuing network
event rate increases the end-to-end latency of informatiorodel. The number of 'servers’ in the model is the number
propagation. In our experience, propagation delays due dbrequests that can be concurrently 'executing’ in the system,
processing latency are typically insignificant (on the ordemd corresponds to the number of requests admitted in the
of 100ms) compared to the latency requirements of mdshe interval after the admittance of a particular request
consumers of one-way flows. Other previous work [10] hamd before the response is sent foiSince the length of this
considered utility in terms of raw network bandwidth anéhterval isT.,.. and the unit rate of admittance #g;;,., the
not in terms of a user metric like flow rate, and additionallpumber of requests admitted in this intervaligoc X Tezec-
ignored other resources like CPU and storage. We can compute latency by solving this model for values of
Talloe SUCH thatry o X Tezec IS @n integer (since the number
of 'servers’ should not be fractional). The intermediate values
Utility is expressed as a function of round-trip Ie_lten_cy@f T,, are estimated using linear interpolation.
T, averaged over a number of requests. Our objective is t0cgnsider an example flow With' = 20, Tinine = 100ms,
translate Iqtency-pased utility into ut|.I|_ty in terms of;;.c. Tyree = 8ms. We use MVA to compute the value @f, for 1,
Infgrmally, if function A : Iatepcy—> utility maps latency t0 5 5ng 3 'servers’, which corresponds itg,,. values of125,
utility, then we seek a functio : rate — latency so that 950 and375 msg/s. These are the three data points displayed

A(B(r)) : rate — utility where r is a rate. We derivel by o the solid line in figuré2. Linear interpolation is used to
determining the expected round-trip latency for various Va'“%?edict the latency at othet,;.. values.

of r4110. as follows.

B. Utility for Request-Response Flows

) , This approach to predicting latency can be inaccurate for
For this paper, we assume the request handlers, i.e., res%ﬂhiple reasons. Since the lowesty,. value for which we

ders, are application code hosted by the system_ and there 55e an MVA prediction id25 msg/s, we can be arbitrarily
consume system resources. We compute an online estimate of . | -ate forr.. values less than this. Note that in the

the number of request sendelé, and theiraveragethinktime,ﬁgure, this inaccuracy tends to underpredict latency. In the

Iwe omit the flow labels on the rate notation, likg;;,., and consumer EXtre_me case of a_rate allocatlo_n_(bfthe _Iatency is incorrectly
class label fromn,;.., When it is clear from the context. predicted to be finite. In addition, since our MVA model



T 7000 B; are constants for the consumer classes. Both constants are
i ] Zggg computed using a least-squares fit of test measurements. The
£ 1 2000 » fine-grained multiplexing of flows in a server makes it difficult
- 1 3000 3 to isolate the effects of individual flows and consumer classes
'—' + 2000 on overall CPU utilization. Thus, the constants for our flows
. + 1000 are fitted offline on test measurements with a single flow and
0 +—— ‘ ‘ 0 consumer class.
0 100 200 300 400

Our experiences with measuring and fitting a variety of
flows has lead to the following observations:

1) For one-to-many flows, computing accurate values for
A;, B; requires a large number of tests at different points
in the workload space. For instance, we needed tests with

makes certain assumptions, like exponentially distributed inter- @ high rate and few consumers, and tests with a low

arrival times and service times, it is not accurate when those rate and a large number of consumers. In some cases,

assumptions are violated. Inaccuracy in latency prediction fitting only using tests with high rate causét} to be

causes incorrect prediction of utility for a particular rate  six times the actual value, and only using tests with low

allocation. rate caused thel; value in the least-squares fit to be
For our workloads, online testing revealed that our MVA negative.

model was overestimating}., for a given rqy.., for high 2) For reliable flows, that use both CPU and storage

Taloe Values. To overcome this problem, we use a heuristic ~ resources, the error (constant) term in the fit is high,

r_alloc in msgs/s

— latency - - - utility

Fig. 2. T4, Utility as a function ofryji0c (Tmin = 33.3, 'maz = 203.7)

in settingr,,,q.: the value ofr,,.. is 10% more than the peak leading to a less accurate model. For example, in the
rate that can be achieved, i.&/(Tozec + Tinink)- TO reduce model we evaluate in SectioN|, the error term for
the inaccuracy of interpolation at low,;;,. values, we set reliable flows is three times larger than that for best-

rmin 10 @ positive value in a manner described next, and set effort flows.
utility at a rate allocation of,,;,, equal to0. As future work, 3) We have implicitly assumed that the individual models
we intend to use an online measurement based approach to of each flow can be added to predict the total CPU uti-

correct the functionB : rate — latency, for each flow, which lization at a server with multiple flows. This assumption
would adapt to the unique inter-arrival time and service time  seems to work well in practice.
characteristics of each flow. We believe a measurement based approach is promising,

As a concrete example of utility transformation, let utilitysince it avoids developing detailed models of the software
as a function of latency be of the for@i(1 — 7+/D), i.e., and hardware. In a running system, we use proportional error
utility decreases linearly with increasifig., whereC, D are correction that equally scales th and B; coefficients when
constants for a particular flow. The valug is a latency the predicted CPU utilization differs from the actual measured
threshold that the system should not exceed, and therefgggue. We discuss error correction in more detail in Se@fon
we setr,,;, equal toN/(Tininr + D) and utility equal to O.

At the value ofry,q., we set utility equal ta'(1—Tesec/D), B. Storage and Network Bandwidth Modeling

i.e., there is no queuing delay. Fay;,. values between,,,;,
andr,,.., we use thel}.; estimate from MVA to compute the
utility. Figure2 shows the result of these utility computation
for the same example flow, with = 500ms, andC = 6000.

Storage and network resources constrain the rate at which
messages are stored or routed, respectively, and are sensitive
?o both rate and message size. The storage system is only
used for reliable flows. Each reliable message received from a
I1l. RESOURCEMODELS producer at the entry point to the system is logged to persistent

Flows and consumers can utilize CPU, storage and netwdierage. Once the message is logged, the producer may need to
resources. In this section we discuss our approach to modelPE:‘CknOWle‘jged' so that the producer transaction can commit.
the bandwidth of these resources. For storage, we also considérke the CPU model, for storage and network resources

latency effects since this constrains the rate of certain flowd&/€ constrain the aggregate rate of all flows. For storage, the
aggregate rate is constrained by the peak message logger band-

A. CPU Bandwidth Modeling width in bytes/second. The peak message logger bandwidth
We use a measurement based modeling approach to prewidhitially set to a value estimated offline. This is corrected
the CPU utilization for each server. For each one-to-one bsing online measurements of queuing delay versus observed

request-response flow, we construct a model of the formlogger bandwidth. Likewise, for the network, we initially
A; X rau0c(7) which predicts CPU utilization at a given rateconstrain according to the peak network interface bandwidth
A; is a constant for the flow computed using a least-squariesbytes/second.

fit of a series of measurements. For a one-to-many flow, weThe other aspect of the resource model is computing the
construct a model of the formd; x ru0c(i) + Zj B, x resource coefficientsd,. Unlike the CPU model, where we
Tailoc(?) X Nailoc(j) Where A; is a constant for the flow, and estimatedA; offline, the constants in the storage and network



i locaing The optimizer runs periodically, say every 30 seconds, to
computen, . andrgy,.. values for all the consumer classes
= || = | > and flows. In a distributed system, the optimizer may itself be
— ’\ — distributed, and may also choose paths for flows through the
schedule start send acl . .
[seneaue | logging [senaack ] system, and load balance consumers across multiple nodes in
the system.

Fig. 3. Time line of latency incurred by a reliable message

n_alloc, r_alloc

Rate Control

r_alloc

Rate control receives th@g,joc, Taiioe Values from the
optimizer, the utility and resource models, and may modify the
Tqlloc Values based on congestion information in the system.
That is, it may reduce some,;,. values if resources are
congested or increase values if spare capacity is available.
(n_alloc Unlike the optimizer, rate control makes frequent changes
to the rates, say once every second, so we can think of it
as running continuously. Making rate control utility aware
‘ Flow Scheduler ‘ ‘ Admission Conrol ‘ ensures that fluctuations in the system at a small time-scale

are handled in a manner consistent with utilities.

utility models,
resource models

congestion

indicators

Fig. 4. Control System Architecture
B. Optimizer

) ) ) ) The optimizer has the objective to maximize the total utility
models are estimated online by measuring the average siz¢ Qfier noth individual flow rate constraints, and aggregate
messages in a flow. constraints. The problem is challenging because the objective
C. Storage Latency Modeling function is non-concave and the aggregate constraints are

Latency is important for producers of reliable flows, sinc@on convex. Spec!flcally, the opject|ve_ fu_nct|on has terms
the form naioc(j) % Uj(Tauoc(?)), Which is non-concave

they need an acknowledgment before producing the next ‘
message, which places a constraint on the rate of each reliabfe" thpugrUj IS concave. The aggregate CPU and network
nstraints define non-convex sets because of terms of the

flow. Consider a producer, that produces one message ﬁ%rm B. } .
transaction (this discussion can be generalized to multip@ " 23 X Taltoc(1) X Natioe(7).

messages per transaction). Figifeshows the time line of In [12], we describe a distributed optimization algorithm

message processing in the server from left to right. Tﬁ%at COMPUtESLayioe ANdTaiioe VAIUES fOr an overlay network
message is first queued before scheduling (which enforceg>CrVers with muItl'pIelz bottleneck résources. In' this haper
the rate allocationr,,.), and then again after logging isWe consider the optimizer for a single server, since that is

complete. The producer will not produce another messal context in which the evaluation is presented in the next
until it receives the acknowledgment (ack) that the messa qtion. The optimize_r copsiders a sir!gle bottleneck resource,
has been logged. The latency incurred between the time ich l'f CP;J balndngth n Ol:jr exlperl_rtr;]enttar: (ivatluattlon_.th I
message is received to the time the acknowledgment is sent, € alve eve olpte a gre((aj y”a gon ml at star IStWIO a
minus the time spent in the scheduler queue, is the inher&gffoc YAUES €qual 10, and alinaue. Values equaito U,
latency encountered by this producer given the current syst d increases the parameter with the highest benefit-cost ratio.
workload and is independent of the rate allocation given e define the benefit of increasing a variable as the increase
the optimizer. This inherent latency places a bound on the r ethe objective functlon if the v_arlable_ IS mcrea_\sed by

at which the flow can produce messages and is continuou kgmlarly, we define the cost of increasing a variable as the
estimated in a running system. Without this bound on flolfcrease in the bottleneck resource consumption if the variable
rate, the optimizer may allocate a rate that is higher than w %rlncreased byA. By relying on the following properties,

can be achieved, and unnecessarily penalize other flows the benefit-cost ratio of increasingo. 'S. .constan'g, |.e'.,
consumers by not admitting them. does not depend ong;,.., and (2) each utility function is

concave, we can prove that the algorithm has time complexity
V. ONLINE CONTROL O(n x m+m), wheren is the number of flows angh is the

In this section we discuss the components that exercli@mber of consumer classes. In addition, the algorithm is fair

control architecture. Property (1) holds because of the form of our utility and
) CPU model functions. For example, the partial derivatives
A. Architecture (with respect ton,..) of the utility and cost of one-to-many

The control system has four components: (1) optimizer, (#pws are U, (ru0.(7)) and Zj Bj X ran0c(i), respectively.
rate control, (3) admission control, and (4) flow scheduler. Th&roperty (2) holds by our assumptions in Secitn
interaction between these components is depicted in figure This algorithm can be extended for multiple bottleneck
Admission control and the flow scheduler simply enforce thesources in a single server context, such as CPU and storage
Nalloe ANA7T 40 Values, respectively. bandwidth, in the following manner: run the above algorithm



multiple times by considering each resource as the primaspe or more network-connectedients i.e., producers and
bottleneck, and choose the run with the best final utility valueonsumers. We have enhanced Gryphon to host application
The primary bottleneck is used to define the resource castde for processing requests and generating replies for request-
in the benefit-cost ratio, thus controlling the order in whichesponse flows.
the greedy algorithm increases allocations, while respectingWe define flows in terms of JMS topics, where each
the constraints of all the bottleneck resources (not just tHew defines one or more classes as described in Setition
primary). Parameters for the resource models described in Sefition
are either determined from isolated offline tests of Gryphon,
C. Rate Control or from runtime components which provide feedback to the

The rate control component attempts to continually maxantime. The runtime components described in Sed\are
imize utility by adjusting r.;.. values assuming constantimplemented as Gryphon components which optimize rate and
naoc- Rates are adjusted either when spare capacity is avaibpulation allocation, perform admission control, enforce flow
able (rates are increased), or when the system is congesttids, and exert rate control.

(rates are decreased). Singgy,. is assumed constant, the We constructed several test scenarios in order to explore
objective function for rate control is concave, and the cotthree aspects of our prototype system: 1) the ability of the
straints are convex. system to make flow rate and population trade offs in a variety

The rate control approach we use is a generalization ofoficircumstances; 2) the ability of the system to adapt rates to
network flow control algorithm defined in [7] that can handlexcess capacity; and 3) the effect of latency constraints when
concave and piece-wise linear utility functions. Our generahixing distribution patterns such as one-way and request-
ization of this algorithm allows it to be used for heterogeneoussponse flows. We describe each category of experiments in
resources, not just network bandwidth, and when utilities atfee sub-sections below.
not directly expressed in terms of resource usage. We conducted our experiments on a Gryphon server treating

Each resource maintains a boolean variable, where 1 indiPU as a bottleneck resource. The CPU resource available to
cates the resource is congested and 0 indicates uncongestexlsystem is indicated by a configurable utilization threshold.
A resource periodically sends the value of this congestidthe Gryphon server and clients were tested on a dedicated
indicator to the entry points of all flows that use that resourcgigabit LAN consisting of several 6-way 500 MHz PowerPC
At each flow entry point, the congestion indicators of theervers each with 4 GB of memory running AIX. The server
resources used are aggregated to periodically adjust the fleas executed on a dedicated machine. The clients were spread
rate allocation. This occurs at each entry point independentarhong the remaining machines so that only server resources
others, hence the algorithm is distributed. were constrained.

The flow rate allocation is adjusted in the following manner. Our test scenarios used best-effort and reliable one-to-many
If none of the resources used by flavare congested, the rateflows, and best-effort request-response flows. The constants
is increased additively by a value proportional to the partiédr the resource models for the various flows were determined
derivative of the optimizer objective function with respect t@xperimentally as described in Sectidr For best-effort one-
raioc(i). If Some of the resources are congested, the ratetésmany flows, 4; = 0.00146092 and B; = 0.00103146;
decreased additively by a value proportional to the sum of tfer reliable one-to-many flows4; = 0.0148354 and B; =
coefficients ofr,;..(2) in the resource constraint equations).00113717; and finally, for request-response flowd, =
summed across all the congested resources. The proof that®i$47943. In all experiments, the optimizer ran every 20
approach maximizes the objective function (utility) is similaseconds, and rate control ran every second.
to the proof in [7] and is omitted.

At each optimizer cycle, rates are “shapped”
values allocated by the optimizer. This allows rates to quickly The optimizer maximizes utility by making flow rate and
adjust to re-optimized values and is desirable in the mopepulation trade offs. These trade offs are affected by CPU
typical case when the change in capacity is intermittent. ¢apacity; and the per-flow CPU load, rate ranges, available
congestion or excess capacity occurs long term, then rates itpulations, and utility functions.
periodically “snap” as illustrated in Sectidh. We designed two experiments to evaluate optimization trade
offs. The first experiment simulates a “trading day” of a stock
trading event processing system and demonstrates dynamic

We evaluate our modeling and control algorithms in theptimization decisions that must be made as consumer popu-
context of a single-server prototype based on the Gryphon [18lions change over time. The second experiment combines
publish-subscribe messaging system. Gryphon is a robumte-way flows with different reliability requirements. This
highly-scalable messaging system that implements the publistiperiment demonstrates optimization trade offs when flows
subscribe portion of JMS using both best-effort and reliableave different impact on underlying resources.
message delivery. Gryphon is representative of a large clas$n the “trading day” experiment, events describe the latest
of event processing infrastructures and consists of an ovprices of stocks, i.e., latest matched orders. Flows in the system
lay network of messagingervers each of which may host correspond to “sectors”, which group events for related stocks.

back to tHe Optimization Tradeoffs

V. EXPERIMENTAL EVALUATION



Segment Gold | Silver | Bronze 300
Start of Day 100 | 100 100 1200
Coffee Break 10 |25 100 350 %
After Coffee Break| 100 | 100 | 100 5 2001 \ TEE
Lunch 0 5 100 E 150 WJ 1 100 §
After Lunch 100 | 100 100 g 100 ol 3
End of Day 0 0 100 g % \ NM 1B
Fig. 5. Class population as a percentage of starting population at various 0 pid : 0
times of day. 500 700 900 1100 1300 1500
time (seconds)
‘m---mbronze consumers --gold consumers — gdflow rate‘
800 250
800 Fig. 7. Population and rate effects when increasing high-priority, high-cost
m’w I S | onp population.
g BOO g
i a0 4 Total [0 E
s | Consumers Avg. Flow Rate £ For this reason, message rate remains ngar until the end
§m - & of the run where only bronze consumers are available and it
A H becomes advantageous to lower rate (i.e., there are no lower
2001 s class consumers). The periodic dips in message rate occur
100 4 at segment boundaries because server capacity is temporarily
o L degraded while we manage large changes in population.
) ¢ ¥ £ F &8 In the second experiment, we used two reliable flows and
T TRt A one best-effort flow with the same rate ranges as in the
Pt @lapse seconds) previous experiment. The reliable flows use more resources
[ G it W Stk Aditod mBronze At B g Flow e since they must persist messages to disk. One of the reliable
_ _ flows (gdflow) hosts a gold class as in the previous experiment.
Fig. 6. Total population (stacked) and average flow rate for each stage

§fmilarly, the best-effort flow hosts a bronze class. The remain-
ing reliable flow hosts the same load as the best-effort flow,
and is used to help load the system. Once rates stabilized, we

increased the number of consumers on “gdflow” and observed
We assume that the system only tracks a small numberqf effects. Figurd summarizes the results.

sectors, i.e., a small number of flows, but the overall evemlnitially there are 10 gold consumers on “gdflow” and

rate may be quite high. In our experiment, we define foyproximately 140 bronze consumers on the best-effort flow.
flows with identical rate;. The minimum rate per flow was 18,5n2e consumers on “gdflow” are never admitted throughout
msgs/sec, and the maximum was 200 msgs/sec. the test because they have the same utility as bronze consumers
We define three classes of service for each flow: gold clags the best-effort flow, but are more expensive to admit since
consumers have a utility function of the fortd0 x r where they consume more resources. At time 1000, the available
r is the allocated rate; silver class consumers have a utility @cﬁld population is increased to 200. Since gold consumers
10 x r; and, bronze consumers have a utilityrofThere were have significantly higher utility, the bronze population on
a total of 200 gold consumers, 400 silver consumers, and 8@ pest-effort flow is decreased. However, as reliable flow
bronze consumers. The consumers were spread equally am@jiling becomes more expensive, e.g., because of higher
the flows. fanout, internal routing latency increases because messages
The trading day is broken up into several segments fust queue waiting for access to disk. The higher latency
simulate variations in population. Tat&summarizes client constrains the maximum rate for gdflow and eventually lowers
load at various times of day. During each segment of the daye rate allocation. As gdflow rate decreases, there is sufficient
we alter the available percentage of consumers of a particud@pacity to again admit bronze consumers.
class so that the optimizer is forced to reallocate populationsNote that bronze consumer population is subject to oscilla-
in order to maximize utility. Figur® summarizes the results.tion throughout the experiment. This is due to the relatively
As expected, the optimizer favors the available populatidow cost of bronze consumers as compared to available capac-
with the highest utility. For example, when gold consumeigy. We are working to improve optimizer output by smoothing
are available they are always admitted. Conversely, bronzieanges to population.
consumers are only admitted after all available higher utilit _
consumers have been admitted. The differences in utilfy EXcess Resource Capacity
among classes is sufficiently high that there is no advantage tdn certain applications, producers may be willing to pay
lowering rate in order to admit more (lower class) consumer®. over-provision the system by specifying a maximum rate

the scenario.
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Trade offs between consumer admission and latency on a request-

that is not always achieved. In this case, there will be qu@ébghse flow.

capacity when the producer’s rate is below the rate allocated
by the optimizer. When spare capacity is available, the utility

aware rate control component increases utility by adjusting]_ Errpthatlo
rates on other flows until available capacity has been utilized] €St _ Low | High | Average
To observe adaptation to excess capacity, we constructe Hading Day (Figures) 067 1.34 1.08

rate control experiment using four one-way flows each with!ncrease High Utility (Figuré/) | 0.34 | 1.20 | 1.01

one consumer class and identical utility. At the beginning of=xc€ss Capacity (Figuig) 0.99] 130 | 1.04

the experiment, all flows produce at their maximum rate (200-atency Effects (Figurs) 091 1.09] 1.04

msgs/sec) but are allocated a lower rate (140 msgs/sec) due to _ _

resource limitations. We then arbitrarily decrease the rate Ol?lg. 10. Proportional error correction ranges and averages for each test.

flow 0 to 50 msgs/sec approximately six minutes into the test.

This provides excess capacity which rate control allocates to

the other flows. Figur8 illustrates the rate reallocation. ~ With an additional 200 consumers added every 10 minutes to
When the rate of flow O is reduced, the rate contrdpad the system. Figui summarizes the results.

component observes a dip in CPU utilization and determines®S Shown in the figure, the first 400 consumers have

that excess capacity is available. This excess capacitylifde effect on latency and the rate on the request-response

allocated equally among the flows because each has identft@ remains near 200 msgs/sec. At 600 consumers, latency

utility. However, only flows 1 through 3 are capable of usingg Marginally increased and request-response rate is slightly

the capacity and their rates subsequently rise. The increa&gguced. At 800 consumers, latency is significantly increased

rates oscillate because of the “rate snapping” effect descritfl request-response rate is halved. Finally, at 1000 consumers

in SectionIV. This effect will continue until either flow the latency threshold takes effect so that at most approximately

0 resumes its previous rate, or its maximum rate target 900 consumers are admitted and the request-response rate is

lowered. at r,,in. At this point, no further consumers will be admitted
unless the latency threshold is raised.
C. Latency Effects D. Model Correction

The rate of request-response flows is constrained both by thé\s discussed in SecticHl-A|, the fit of our CPU models
cost of routing messages for the flows, as well as the laterisyimprecise and the error (constant term) varies according to
incurred in processing the flow messages at internal requisiv reliability. Our proportional error correction mechanism
responders. Thus, the system is forced to make trade affsmpensates for this error using a feedback loop to adjust
between admitting consumers on other flows, and increasimgpdel constants according to differences in measured and
the latency of request-response flows. To observe this effgmtedicted performance.
we constructed an experiment consisting of one best-effortFigure 10 reports the proportional ranges in our various
flow with a “gold” subscription class, and one request-respongsts. The error correction ratio is used to scale the CPU
flow (RR flow) with 20 requesting clients. The utility for theutilization targets for the optimizer and rate controller. Despite
request-response flow is identical to the example in Selttjonthe error terms, the table shows that the average correction
with a think time of 100ms, an execution time of 8ms, & less than 10% of what our models predict. This increases
latency threshold ofo = 500ms, and a maximum utility of our confidence in the offline approach we used to develop
C = 6000. This yields a rate range af,,;, = 33.33 and our models. Tests which were subject to large changes in
rmaz = 203.70. Initially, there are 200 best-effort consumergopulation (e.g., the first two tests) will tend to skew the range



of corrections since the models do not account for load dbandwidth has been considered as a resource, and not the
to connecting or disconnecting consumers. processing cost of changing the rate. We defer the study of
multi-rate control in our system context to future work.

Measurement-based admission control of flows has been

Resource allocation, both short term, e.g., load balancingsearched in the context of network resource allocation [20]—
and long term, e.g., provisioning, has been researched ij28] to provide QoS guarantees. In contrast, in our work we
wide variety of related areas. In this section we discuss relat@dmit consumers for one-to-many flows assuming all flows
work on short term resource allocation in stream processiage admitted, and exercise rate control on flows. If there is
systems, systems supporting web workloads, and wide-areafeasible solution to the optimization problem, i.e., resource
communication systems. bounds are exceeded even at the minimum allocation levels to
flows and consumers, flow admission control may be needed
and these techniques could be used.

Stream processing systems like the Stanford Stream Data

Manager [2] and Borealis [3] have their origin in streant: Systems for Web Workloads

databases and focus on providing a declarative approathere is much work on resource virtualization and service dif-
like SQL, to specifying the transformations in the systenfierentiation for request-response workloads. In [24], [25], the
Resource allocation in this context has looked at using tfecus is on service guarantees in terms of desired throughput
semantics of relational operators to either selectively degraaied latency, rather than defining a continuum of levels using
the quality of the output, such as by dropping tuples, atility functions. In [26], latency guarantees are satisfied using
parallelize processing on clusters of machines. In contrast, @ur earliest deadline first (EDF) scheduler, and in [27], a fair
approach is applicable to an environment where the semanticgeuing scheduler is used to proportionally share resources
of transformation are unknown and load is controlled at tHer throughput, and latency guarantees are secondary. All
boundary of the system by rate and consumer admissithese approaches use scheduling techniques to provide the
control. guarantees, which rely on two characteristics of such systems

Research into stream processing overlay networks Hhgt are not true in our context (1) the scheduler is the single
looked into placement of operators in a network of mantry point to the system, and (2) the scheduler can track
chines [8]-[10], [14], [15]. This work is complementary towhen the response is generated for a request, so it has precise
ours, which focuses on resource allocation decisions withirkaowledge of what requests are outstanding.
node or link, given knowledge of the path of the flow. In [12], In [28], the authors consider utility functions in terms of
we describe a distributed optimization algorithm for makintatency, for different classes of requesters. This is very similar
rate and admission control decisions. That work focuses puréty how the utility functions for request-response flows are
on the optimizer component of our architecture (figdye initially expressed in our system. Unlike our system, they

Admission control on a per-message basis is considema not transform the utility functions in terms of latency,
in [16], taking into account the reward and penalty for eadhto functions in terms of rate. Like other work on request-
message, and a centralized solution is proposed. In contrasgponse workloads, they use a scheduling approach where the
we consider aggregate profit metrics, not per message, &stieduler can count the number of outstanding requests in the
perform consumer admission control instead of message agstem.
mission control.

None of work described above considers request-response
flows and how the rate and latency requirements of one-wayWe have described a utility-aware approach for optimizing
and request-response flows could be integrated into the sammource allocation in an event processing system. A key
system. aspect of our approach is the unification of utility models for
different interaction patterns. This simplifies optimization and
is more complete since rate, latency and consumer population
In communication systems, network bandwidth allocation &e considered when computing utility. We combine the utility
a problem that has been studied in detail. There has bewadel with experimental resource models and an efficient
significant recent work on flow control as an optimizatiogreedy optimization algorithm to derive utility-maximizing
problem, for example [6], [7], [17]. Except for [7], theseresource allocations.
works have assumed strictly concave utility functions, which We have conducted experiments to verify our approach in
excludes piece-wise linear shapes. We extend the algorithnthie context of a single server system. Our experiments show
[7], to handle multiple types of resources, and use it for rathat, in addition to optimizing resources under steady state, our
control. approach can make effective trade offs in response to dynamic

There is also work on multirate flow control algorithms [18]system changes. In each case, resources are shifted to favor
[19] that modify the flow rate, based on knowledge ofonfigurations with optimal utility. We also demonstrated the
flow semantics (like video streams), within the system. Thisse of continuous rate control for using slack capacity when
work is mainly used for one-to-many (multicast) flows. Onhavailable.

VI. RELATED WORK

A. Stream Processing Systems

VIl. CONCLUSION

B. Communication Systems



Extending our approach to a distributed setting presemnts] “nttp://www.research.ibm.com/distributedmessaging.”
many significant challenges. For example, the optimizatidH
problem is substantially more difficult to solve with a dis-
tributed algorithm. We have developed a distributed algorithyrs]
for optimization [12] which demonstrates good scalability but
with restrictions on the shapes of the utility functions (strictly[-m]

concave, as compared to concave functions assumed in this

paper). We are currently developing run-time extensions ]
support distributed execution.
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