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Abstract

Processing of datain many data analysis applications can be represented as an acyclic, coarse grain
data flow, from data sourcesto the client. This paper is concerned with scheduling of multiple data anal-
ysis operations, each of which is represented as a pipelined chain of processing on data. We define the
scheduling problem for effectively placing components onto Grid resources, and propose two scheduling
algorithms. Experimental results are presented using a visualization application.

1 Introduction

Processing of datain many applicationsthat query and manipul ate scientific datasets can be represented asan
acyclic, coarse grain data flow, from one or more data sources (e.g., one or more datasets distributed across
storage systems) to the client. For agivenclient query, thedataof interestisretrieved from the corresponding
datasets. Thedataisthen processed viaa pipelined sequence of operations, whileit progressesfrom the data
sources to the client. In this work we address the scheduling of multiple queries, represented as pipelined
chain of operationson data, in a Grid environment.

Our approach focuses on component-based frameworks, where an application is devel oped from a set
of interacting software components[13, 18, 20, 28, 27]. In acomponent-based framework, the placement of
componentsonto computational resourcesrepresents animportant degree of flexibility in optimizing applica-
tion performance. Network and computation overheads can be decreased by efficiently placing components
to deal with computational heterogeneity in both the application and the available resources [7, 8]. Paral-
lelism is another method for increasing performance, by executing multiple copies of a single component
on a single host machine or across a set of hosts [10]. In this paper we define the scheduling problem for
effectively placing componentsin a pipelined data processing chain onto Grid computational and network
resources. Two scheduling algorithms are described to efficiently execute client queriesin a dynamic Grid
environment when multiple queriesare presented to the runtime system. We present preliminary experimen-
tal resultsfrom avisualization application, implemented using a component-based framework.
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Figure1: (a) A samplefilter group with 7 filters. (b) Thefilter group with three transparent copiesof filter F.

2 Programming M odel and Runtime Environment

The programming model, called filter-stream programming [8], is a component-based model. Each compo-
nent performs a portion of the application-specific processing, and interactions between the components are
realized by flow of dataand control information. The interface for a component, referred to as afilter, con-
sists of three functions: (1) an initialization function, in which any required resources such as memory for
data structures are alocated and initialized, (2) a processing function, in which user-defined operations are
applied on dataelements, and (3) afinalization function, inwhich theresourcesallocated arereleased. Filters
are connected vialogical pipes. A logical pipe denotes a uni-directional data flow from one filter (i.e., the
producer) to another (i.e., the consumer). A filter isrequired to read data from itsinput pipes and write data
to itsoutput pipes only. We define a data stream as a labeled sequence of data transferred from onefilter to
another. A data stream isterminated by a special end of stream element.

The overall processing structure of an application isrealized by afilter group (or filter network), which
isaset of filters connected through logical pipes. A unit of work assigned to afilter group isevaluated in a
sequence of wavefronts. Figure 1(a) displaysasample filter group with 7 filters and the flow of three wave-
fronts w, w + 1 and w + 2 through thefilter network. Each data stream is marked with a unit of work id and
wavefront number. Wavefrontsimpose a partial ordering on processing of data elements, because the seman-
tics of wavefrontsisthat afilter hasto finish processing a data stream marked with wavefront w beforeit can
initiate the processing for a data stream associated with wavefront w + 1. When afilter finishes processing
datafrom wavefront w, it sendsalogical end of wavefront signal to downstream filters (consumers) through
each of itslogical output pipes.

The programming model provides severa abstractionsto facilitate runtime scheduling and performance
optimizations. A transparent filter copy isacopy of afilter in afilter group. Thefilter copy istransparent in
the sense that it shares the same logical input and output pipes of the original filter. A transparent copy of a
filter can be made if the semantics of thefilter network are not affected. That is, the output of a unit of work
should be the same, regardless of the number of transparent copies. Figure 1(b) showsan illustration of the
filter groupin Figure 1(a) with threetransparent copiesof filter F. Two typesof transparent copiesare allowed;
replicated filter copy and partitioned filter copy. If areplicated copy of afilter is created, theinterna state
structures of thefilter are replicated. The runtime system isresponsiblefor scheduling elements (or buffers)
in a data stream among the transparent copies. Various situations arise when it is useful to partition a data
structure between a collection of filter copies. Thiskind of filter copy iscalled atransparent partitionedfilter
copy.

We have developed a component framework, called DataCutter [7, 8], based on the filter-stream pro-
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(a) Data buffers and end-of-work (b) A single filter group instance

markerson a stream. instantiated using transparent
copies. The filter group consists
of filters P, F, and C.

Figure 2: DataCutter stream abstraction and support for copies.

gramming model. DataCutter provides support for developing applicationsthat execute generalized reduc-
tion operations, which are common in the data processing kernel of many data analysisapplications[6, 14].
Thistypeof processing consistsof retrieving the data of interest and performing user-defined transformation,
mapping, and aggregation operations on the data. The transformation and aggregation functionsin general-
ized reduction operations are associative and commutative. That is, the result of the operation isindependent
of the order input data items are processed. An intermediate data structure, referred to as an accumulator,
can be used to hold intermediate results during processing.

In DataCutter, filter code is expressed using a C++ language binding by sub-classing afilter base class,
and the logical pipe abstraction of filter-stream programming is referred to as a stream, which is used for
all filter communication and specifies how filters are logically connected. All transfers to and from streams
are through a provided buffer abstraction (Figure 2(a)). A buffer represents a contiguous memory region
containing useful data. Theruntime system supportsdistributed and multi-threaded execution. 1f two or more
filters are placed on the same host, each filter is executed by a separate thread. The stream communication
between two co-located producer and consumer filtersis carried out by passing the buffer pointers, while
TCP/1P socketsare used for point-to-point stream communication between two filters on different machines.
Since generalized reduction operations are order independent, a unit-of-work (UOW) is executed in asingle
wavefront. An example of a UOW would be rendering of a dataset from a particular viewing direction.

DataCutter provides support for transparent replicated copies and filter group instances (Figure 2(b)).
Multiplefilter group instances can beinstantiated and executed concurrently. A UOW can be assigned to any
instance. When the producer or consumer of afilter istransparently copied, the system must decide for each
producer which copy to send a stream buffer to. For distribution of buffers between transparent copies, we
have implemented several distribution policies: (1) Round Robin (RR), (2) Weighted Round Robin (WRR)
among copies based on the number of copieson that host, and (3) a Demand Driven (DD) mechanism based
on buffer consumptionrate. The DD policy attemptsto send buffersto thefilter that will processthem fastest.

A filter may maintain data structuresto keep intermediate results. If copiesare generated for such filters,
partial results from the copies should be combined. This requires an application-specific combine filter be
implemented and instantiated. The output from the combine filter goesto the next stage(s) in the data flow
network of filters.

3 Scheduling of Multiple Pipelined Operations

Our goal isto create multiplefilter group instances and schedule each group instance on the machinesin the
environment to improve the system performance, when multiple units of work (UOWS) are submitted to the
system.



3.1 The Scheduling Problem

Aswas stated in Section 2, transparent copiesand placement of filters are two optimizationsthat can improve
the execution of asingle UOW. If we consider a pipelined chain of operationson data, each filter in the chain
reads a buffer from its input stream, performs some amount of processing on the buffer, and writes a buffer
to its output stream. Each filter can be modeled as an entity that can produce and consume data at a certain
rate. The pipeline behavior that achieves the best performance occursif all stagesin the chain are balanced
with respect to each other and the communication overhead between the stagesis minimized. That is, the
data productionrates of the producer filtersis matched by the data consumption rates of the consumer filters.
This requires that the right number of copies of the bottleneck filters be created and efficiently placed on
the machines in the environment. Thus, a scheduler should be able to create and remove copies of filters
dynamically, effectively modifying the dataflow graph. We define the scheduling of a UOW as follows.

We are given afilter network G ¢, atopology graph (4, and a set of pinned application filterst. The ver-
ticesin GGy are the application filters (including the pinned filters) and the edges represent the logical pipes
between producer and consumer filters. In the topology graph, the vertices are the machines in the system
and the edges are the communication links between the machines. The goal isto create as many copies of
unpinned filters as necessary and map the copies onto the vertices of G ; so that all the stagesin the network
are balanced.

3.2 Schedulinga UOW

In scheduling a single UOW, we use the following approach: (1) perform a controlled tuning run of the ap-
plication and collect various stati stics about the application behavior, (2) use the statisticsin cost modelsfor
predicting behavior, and (3) apply the cost modelsin the scheduling algorithm.

It isimportant to know how much computation is performed by each filter, the volume of input data and
output data for each filter, and how frequently the stream read and write operations occur. The goal of the
controlled tuning run isto eliminate al outside effects such as cpu contention, memory contention, network
contention, background jobs, etc., and get a clear picture of filter behavior. The controlled tuning run is per-
formed by choosing a placement where all hosts are dedicated, homogeneous, and share acommon fast net-
work. The application appends one or more UOWSs to the single filter group instance, and exits upon com-
pletion of thework. The exact statisticscollected and reported during thetuning run are presented in Table 1
for a Rasterization filter in the isosurface application described in Section 4.4 [9].

3.3 Scheduling Multiple UOWSs

Scheduling of multiple UOWSs submitted to the application frontend is carried out asfollows. The UOWSsto
be scheduled for execution are considered one by one. Itisnot our objectivein thiswork to devel op methods
and tools to address the issues associated with replica creation and replica management [2, 37, 15, 18, 19].
However, we take into account the replicas when scheduling UOWSs that access the replicated portions of
datasets. For aUOW, we consider all the replicas of the dataset. For each replica, thefilter copiesand place-
ment of copies are determined by the scheduling algorithm and an estimated execution time is output. The
replica and the corresponding scheduling of filters that result in the minimum estimated execution time are
chosen for executing the UOW. Once a UOW hasbeen scheduled for execution, the applicationfrontend calls

1Some of the application filters will be pinned to a subset of hosts in the system by the application. The number of the copies
of suchfilters also will be pre-determined by the application prior to carrying out the scheduling of thefilter network. For example,
read filters, which constitute thefirst stage of the pipeline in most cases, are in genera executed on the hosts where the datasets are
stored.



Filter Statistics

Name Sample (Ra) | Description

name Ra | symbolic name of filter

tiotal 53.2312s | total wall clock time

tworkq 0.0009s | time blocked waiting for work to be appended
tinit 0.0172s | timefor entireinit() application callback
tprocess 53.2118s | time for entire process() application callback
tread 34.3982s | within process(), time blocked in stream read() calls
twrite 0.4498s | within process(), time blocked in stream write() calls
treadfirst 0.2700s | within process(), timefor first read() cal
Leompute 18.0936s | within process(), time performing computation
twritefirst 0.2757s | within process(), time of first write() call
Liinalize 0.0005s | timefor entire finalize() application callback
Statistics per Input Stream

Name Sample (Ra) | Description

ins;.name E-Ra | symbolic name of input stream

ins;.num 2477 | number of buffers read from the stream
ins;.vol 66411KB | total size of al buffersread from the stream
ins;.read 34.3982s | time blocked in read() calls from the stream
Statistics per Output Stream

Name Sample (Ra) | Description

outsg.name Ra-M | symbolic name of output stream

outsy.num 2471 | number of bufferswritten to the stream
outsg.vol 25514KB | total size of al buffers written to the stream
outsg.write 0.4498s | time blocked in write() calls to the stream

Table 1. Statistics collected during the controlled tuning run of an application. The Sample Value (Ra) col-
umn isthe actual valuesrecorded for atuning run of the rasterization filter in the isosurface rendering appli-
cation.

the DataCutter runtime system functionsto instantiate thefilter group (including the copies of thefilters) and
submit the client request to the filter group.

Before the next UOW is scheduled for execution, the state of the system (i.e., resource availability) is
updated. The scheduler and the runtime system could keep track of information about previous schedules
(i.e., the placement of filters, the amount of resources used by each filter group that has been scheduled)
and update the availability of resources according to thisinformation. An aternative approach would be
to use a resource monitor, which provides information about resource usage. In this paper, we use a Grid
infrastructure service, called the Network Weather Service [39]. NWS monitors the nodes and networksin
the system and provides on-the-fly information about the availability of CPU on a machine and the network
bandwidth and latency between any two machinesin the system.

4 Filter Copy Pipeline (FCP) Algorithm

In this section, we present an algorithm for schedulinga UOW. Thisalgorithm performs asingle sweep over
the filter network and aims to balance the data production rate of producer filters and the data consumption
rate of consumers at each stage of a pipeline. It uses a detailed compute cycle mode, but assumes point-to-
point network connections between the nodes in the environment. If two or more filters are placed on the
same single processor node, they share the CPU of the node. For multiple CPUs on a single SMP node, we
attempt to schedule afilter copy on each CPU in turn. The CPU that can achieve the earliest finishtimeis
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Figure 3: Diagram: Filter model with repeated filter cycles of r(ead)-comp(ute)-w(rite). £.5T isthe earliest
start time of thefilter, FW T isthe earliest writetime, and F F'T isthe earliest finish time.

marked as the host of the filter copy. Theideaisto approximate what a modern cpu scheduler would do on
areal machine, which isto complete every job as soon as possible.

4.1 Filter Modd

In processing a UOW, a filter reads some data from its input stream(s), computes for some time to gener-
ate some sort of output product, and then writes to its output stream(s). Thisisreferred to as afilter cycle.

Figure 3(a) illustratesthis behavior. If afilter generates data by reading from disk, then the compute phase
of thefilter cycle would include the disk 1/O calls. Some filters do not operate in this strict manner, and the
read and write operationsare not symmetric. For example, consider afilter that reads buffers containing data
objectsand renders the objectsinto an internal image. Thiscan repeat until there are no more buffersto read,

at which time the filter sends the final output to the next filter. This style of operation isillustrated in Fig-

ure 3(b). Thefilter model representsthisbehavior using Earliest Write Time (EWT), which denotesthe write
delay before write operations become part of thefilter cycle. Given the amount of dataread or written per
filter cycle, and the frequency of filter cycles, we can compute the input and output rates of afilter.

4.2 Scheduling Algorithm

The scheduling algorithm, referred to asfilter copy pipeline (FCP), is similar in some respects to the classic
static scheduling technique called list scheduling [23], where the approach is to choose a mapping for each
applicationfilter in some order based on aranking of thefilters. For achain of processing on data, thefilters
inthe chain are ranked such that thefirst filter is given the highest rank, and thelast filter has the lowest rank.

The FCP scheduling algorithm proceeds from the first filter to thelast filter in order, as seenin Figure 4,
and both chooses the number of filters and dynamically mutates the filter graph, then maps the copies onto
hosts. Inline 1, themodeled resources (i.e., CPU power and network bandwidth) areinitialized using current
system load estimates 2. The main outer loop processes filtersin order, ensuring that when filter f; is being
scheduled, al filters that write to f;’s input streams have aready been scheduled. The number of copies
required to satisfy the rate requirements without pipeline stallsis computed and added to the filter graph & ;
inlines 3-4. Thenext loop iteratesover all copiesof filter f;, and attemptsto schedule each inturn. Theloop
over hosts finds the mapping that will result in the minimum earliest finish time (£ F'T') of filter copy f; ..
Once chosen, the host M ap() function is used to consume resources on the host and network. Finally, the
actual scheduled earliest start time (£.ST), F FT, and earliest write time (FWT) values are computed and
stored for use by any successorsof f; inthe next stages of the network.

2In the current implementation, this information is obtained from the Network Weather Service[39].



Input: filter network Gy, tuning run statistics, topology graph G«
Output: &', with added copies and host mappings, (+; resulting resource assignments

FCP-Scheduler(G'y, Gy):
1. call InitResourcesFromCurrentL oad(G;)

2. for each filter f; € Gy inrank order do
3 Compute ncopies

4. Gy.Add(ncopies — 1 copiesof f;)

5. for each copy f; . of f; do

6: if pinned then

7: minhost — “the specified host”
8: else

9: { choose host for placement}

10: for each host; € cluster do

1L ComputetmpF F'T’

12: if minFFT > tmpE FT then
13: minEFT — tmpE FT
14 minhost «— host;

15: end if

16: end for

17: end if

18: minhost.Map(f;)

19: Compute f; ..(EST, EFT, EWT)
20:  end for

21: end for

Figure 4: Algorithm: FCP-Schedule filters onto the given cluster topology.

43 Cost Modd

To determine a good placement, we must decide if one particular organization is superior to another. To
answer this question, we must quantitatively evaluate an organization and determine some measure of how
gooditis. In thiswork, balancing the pipeline stagesis the goal. To compute an estimate of the execution
time of an application, we need to compute several quantitiesfor each filter locally, and in summary for the
entire filter group. The network between two hostsis modeled by latency (I at ency) and bandwidth (bw).
If there are multiple hops between two hosts, the bandwidth of the slowest hop and the sum of the latency
are used in the cost model.

The number of copiesrequired for afilter depends on the production (output) rate of its predecessorsthat
writeto the filter’sinput streams. The output rate is the number of filter cycles per second the current filter
will execute if no stalls occur.

_ neye 1)

T = FET — BEST (

Here, ncyc denotes the total number of filter cycles of the given filter. Considering the unscheduled current
filter, we compute the aggregate rate from all its predecessors. Then, the number of copiesof the current filter
(ncopies in Figure 4) is calculated so as to balance the aggregate production rate from all the predecessors
of the filter with the consumption rate of the filter using the tuning run statistics. Thisis needed because
we do not know the exact consumption rate and thus the number of copies needed until the current filter is
scheduled, and we cannot schedul e the current filter until we know the number of copies.

7
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Figure 5: Isosurface rendering and filter implementation.

Before any filter can start execution, its predecessor constraints need to be satisfied. More precisely, suf-
ficient data from each input stream must be available to start the first local filter cycle for the current filter.
The time when enough data has arrived to start a filter cycle is equal to EST. Based on our list-scheduling
approach, we know that all predecessors (that the current filter will read from) have aready been scheduled,
and that we are considering a particular host (H 4,;) for the current filter. Thus, the EST of afilter isequal to
the maximum of the write time of its producer filters. The write time of a producer filter isthe EWT of the
producer filter plusthe time for sending vecyc bytes of data from the producer to the consumer, where veye
isthe volume of data per filter cycle written to the output stream.

Given thefilter's £.5T, the algorithm predictsthe £ F'T' value on the host, which will depend on previ-
ously assigned load. Let &/ F'T’ be the optimal value, in the sense that no stalls are assumed to occur, and
EFT" be the time when the last input data will arrive. Overal EFT will depend on which of those two
valuesisgreater. If FFT' < EFT" then we have aread imbalance, and the current filter will stall, hence
EFT" will beused. Otherwise, EF'T" isusedfor £ F'T. Thetime when thefirst piece of dataiswrittendic-
tatesthe potential amount of pipeliningavailable. The KW T iscomputed asthe actua start time of amapped
filter plusthe fractional total time scaled from the tuning run statistics. ST AT 5.t it firs¢ iN the following
equationisthetime of first writeand ST AT'S % ,.ce55 1Sthe data processing time of thefilter, measured dur-
ing the tuning run. Note that tuning run values are scaled according to the relative power of the hostsin the
system.

(2)

TAT Lwritefirs
EWT = EST + ((EFT—EST)* (5 Sctwrites t))

STATS 1process

4.4 Case Study Application: 1sosurface Rendering

In this section we briefly described the implementation of the isosurface rendering application [10] used for
the evaluation of the scheduling algorithm. Isosurface rendering isatechniquefor extracting and visualizing
surfaces within a 3D volume [24]. Figure 5(a) shows a rendering of the output from a reactive transport
simulation. Our implementation consists of atotal of four filters (Figure 5(b)).

¢ Aread (R) filter readsthe volume datafrom local disk, and writesthe 3D voxel elementsto its output
stream.



¢ Anextract (E) filter reads voxels, producesalist of trianglesfrom the voxels, and writes the triangles
(the isosurface) to its output stream. We use the marching cubes algorithm [24], which is commonly
used for extracting isosurfaces from a rectilinear mesh. The extract filter receives data from the read
filter in buffers. A buffer contains a subset of voxelsin the dataset. The triangles extracted from each
voxel in the current input buffer are written to the output buffer. When the output buffer isfull or the
entire input buffer has been processed, the output buffer is sent to the raster filter. This organization
allowsthe processing of voxelsto be pipelined. Multiple copies of the extract filter can beinstantiated
and executed concurrently.

¢ Arasterize(Ra) filter readstrianglesfromitsinput stream, rendersthetrianglesinto atwo-dimensional
image from a particular viewpoint, and writes the image to its output stream. We employ a hidden-
surface removal method, called active pixel rendering [22, 10]. This algorithm utilizes a modified
z-buffer scheme to store foremost pixelsin the output buffer efficiently. Processing of trianglesis
pipelined and multiple copies of the raster filter can be executed.

¢ A merge (M) filter is used to composite the partial results from multiple rasterize filters to form the
final output image. The merge filter also sendsthe final image to the client for display.

45 Experimental Results

In thissection we present an experimental evaluation of the scheduling approach using the i sosurface render-
ing application. The hardware configuration used for the experiments consistsof a collection of three Linux
PC clusters. The first cluster, referred to here as ROGUE, is a disk-based storage cluster at the University
of Maryland. Thiscluster consistsof 50 nodes, each of which has Pentium 111 650MHz processors, 786M B
memory, and two 75GB IDE disks. The nodesare interconnected via Switched Fast Ethernet. We had access
to 14 nodes of this cluster during the experiments. The second cluster, referred to here as DC, islocated at
Biomedical Informatics Department at Ohio State University. The DC cluster is composed of 5 Pentium 4
1.8GHz processors. Each node has 512MB memory and 160GB disk space and is connected to other nodes
by Switched Fast Ethernet. The third cluster, referred to here as OSUMED, is made up of 24 Linux PCs
and hosted at the Ohio Supercomputer Center. Each node has 512MB main memory and three 100GB IDE
disks. The nodes are inter-connected via Switched Fast Ethernet. We used 18 nodes of this cluster for the
experiments. All clusters are connected to each other over wide-area networks.

The FCP scheduler does not model WAN connections as shared resources, and for thisreason it can pre-
maturely attempt to place application filters on either side of the WAN link leading to bad and spurious per-
formance results. In light of this, we have restricted the scheduler to placing filter groups completely within
clustersfor the experiments. In the application frontend, a UOW is scheduled (i.e., the number of transpar-
ent copies and the placement of filters are computed) to clusters one by one, using thefilter group layout, the
topology of the cluster, and the resource availability information.

We utilized the Network Weather Service (NWS) [39] to monitor the resources (i.e., network bandwidth
and CPU availability) on all the clusters. Our first setup consisted of a single NWS server, with sensors ac-
tivated on al the nodes in the system. The application frontend queried the NWS server for the CPU avail-
ability of each node and the bandwidth and latency between every pair of hodesin each cluster, submitting
Separate requests to the NWS server for each node and each pair of nodes. We observed that with this setup
it took alarge amount of time to gather information from the NWS, and the time to query the NWS varied
significantly. To alleviate the large variance in the NWS query times and to reduce the querying time, we
ran a separate NWS server on the frontend node of each cluster, with sensors reporting to the local NWS
server only. The NWS sensors were instantiated to monitor the resources with periods of 7 and 20 seconds
for the CPU and network, respectively. The measurementswere used to determine the available CPU on any
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Figure 6: Single query execution time with and without copies. EET is the estimated execution time by the
scheduler.

given node, as well as the TCP bandwidth and latency between any two nodesin a given cluster. We colo-
cated a multi-threaded proxy with every NWS server. The proxy queried the local NWS server at regular
intervals (for the experiments, we set thisvalue to 10 seconds) and gathered information about the resource
availability in the corresponding cluster. In thissetting, the application frontend sent the resource availability
requeststo the proxies colocated with each NWS server. With this setup, it took 0.15 seconds on average for
the application frontend to inquire the availability of the resources in the environment.

For theisosurface application, we employed a 23GB dataset, consi sting of simulation output over 10time
steps, created by a reactive chemical transport simulator, called ParSSim?, developed at the Texas Institute
for Computational and Applied Mathematics at the University of Texas. The dataset was partitioned into 64
files. Thesefileswere replicated on all the clustersin the system and were distributed in around-robin fash-
ion across four, two and eight nodes in the ROGUE, DC and OSUMED clusters, respectively. Application
guerieswere generated so that each query required the visualization of 5 isosurfacesin a singletime step and
a2048x2048 output image was produced. The queries were generated at a uniform rate within an 8-minute
period. That is, with 18 queries, aquery was generated for execution at every 28.2 seconds, whereas with 60
gueries, aquery was generated at every 8.1 seconds.

Figure 6 displaysthe Estimated Execution Time (EET) computed by the scheduler and the actual query
execution time on each cluster. Asseen in thefigure, the EET estimateisvery closeto the actual execution
time on each cluster, with and without transparent copies. We also note that using transparent copies signifi-
cantly improves performance. The demand-driven mechanism was used for scheduling of buffersamong the
copies of afilter (see Section 2). On the ROGUE and OSUMED clusters transparent copies speeds up the
single query execution approximately 5 times. The speedup on the DC cluster is about 2.5, because the DC
cluster ismuch smaller compared to the ROGUE and OSUMED clusters.

Figure 7 showsthe performance numbersfor average query execution time, when the number of queries
submitted to the systemis varied. We implemented three different strategiesfor scheduling multiple queries
(units of work).

Minimum Concurrent Instances (MCI). In thisstrategy, a query isexecuted within each cluster usinga
fixed filter placement. The scheduler keepstrack of the number of activefilter group instancesin each
cluster. The cluster with the fewest active filter group instancesis chosen to execute the query.

Maximum Available Cluster (MAC). The cluster with the maximum average CPU availability is se-
lected. The maximum CPU availability is computed as the average CPU availability of all the nodes

3http://www.ticam.utexas.edu/~arbogast/parssim
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Figure 7: Average query executiontime. (&) Without transparent copies (b) With transparent copies.

in the cluster. A dynamic schedule (the number of copies and the placement of copies) based on the
CPU availability per node and network bandwidth between the nodesin the cluster is generated by the
scheduler.

Minimum Estimated Execution Time (MET). In this strategy, adynamic scheduleis generated for each
cluster and the corresponding EET is computed by the scheduler. The cluster with the minimum EET
is selected to run the query.

In al of these strategies, a new filter group instance is instantiated and executed with the given placement
information for each query. The demand-driven mechanism isused for scheduling buffers among the copies
of afilter.

Asis seen from Figure 7(a), both MAC and MET perform much better than MCI, when the queries are
scheduled with no transparent copies. When no transparent copies are allowed, only the placement of filters
isdynamically computed in MAC and MET. Although MCI achieves comparable performance to that of the
two other strategiesfor small number of queries, itsperformance becomesworse quickly and the performance
gap between M Cl and the other two schemesincreases asthe number of queriesisincreased. Themainreason
isthe fact that MCI suffers from the fixed placement of filters, i.e., the same filtersin different filter group
instances are placed on the same hodes. Asmore queriesare generated, the nodesare likely overloaded —we
were not able to run the MCl scheme with 72 queries because of this.

Figure 7(b) shows the performance figures when queries are scheduled with transparent copies. In this
experiment, the fixed placement for MCI was created manually for each cluster in the environment, based on
our knowledge of the application and the tuning run results. Asisseen from the figure, the performance of
MCI issimilar tothat of MAC and MET for up to 60 queries. We attribute this behavior to two factors. First,
as noted earlier the demand-driven buffer scheduling mechanism of DataCutter is employed. This mecha-
nism sends more data buffers to filter copies on less loaded hosts, thus achieving a load balance among the
copiesof afilter. Thefixed placement usesthe same set of nodesfor each filter group instance. Hence, some
nodes may be moreloaded than the other nodes depending on the query. However, the demand-driven mech-
anism compensates for this variation by dynamically distributing buffers to the filter copies on less loaded
nodes. Second, queries execute faster with transparent copies. Asaresult, the number of active filter groups
on a cluster at any given time is fewer than when no copies are allowed. However, we observe that as the
number of queriesisincreased beyond 42, the MCI cannot cope with overloading of the system. In that case,
MAC and MET performs better. Onthe average, MET achievesthe best performance among all three strate-
gies.
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Input: filter network Gy, tuning run statistics, topology graph G«
Output: &', with added copies and host mappings, (+; resulting resource assignments

BFC-Scheduler(G'y, Gy):
1: Compute m;, maximum allowed number of copies, for each filter f; € G
2. call InitResourcesFromCurrentLoad(G;)
3: for eachfilter f; € Gy inrank order 7 do
4. Compute productionrate P;_4
5  while P,_; > 0andn; < m; do
6: rate <— 0
7 for each node € G; do
8 Compute scaled consumption rate ser of filter f; on A
9 Compute aggregated network bandwidth bw to i from all producing filters f; 4

10: Compute consumptionrate cr — min(scr, bw)
11 if cr > rate then

12: rate «— cr

13: selected_node — h

14: end if

15: end for

16: Create and place a copy of thefilter f; to selected_node
17: n; «— n; + 1

18: Remove selected_node from the freelist

19: Update Network and CPU usage

20: P,_1 — P,_1 — rate

21:  end while

22: end for

Figure 8: Pseudo-code for the BFC scheduling algorithm.

5 Inter-Cluster Scheduling: Balanced Filter Copies (BFC) Algorithm

Althoughthe FCP algorithmis designed for pipelined filter operations, it does not account for the sharing of
wide area networks. To addressthisissueand to highlight the importance of modeling the shared WAN link,
we have implemented a second algorithm, called Balanced Filter Copies (BFC).

5.1 Balanced Filter Copies Algorithm

Thisalgorithm is similar to the FCP algorithm in that it performs a single sweep over the filter group (filter
network). Aswas described in Section 4, FCP uses adetailed compute cycle model for pipelined filter com-
putations. BFC, onthe other hand, simply triesto balance the consumption and production rates of consumer
and producer filters, but it takes into account shared network resources.

The agorithm starts from thefirst filter in the chain and chooses a mapping for possibly multiple trans-
parent copies of the filter and continues choosing mappings until it reaches the last filter. In deciding how
many transparent copieswill be created, it tries to balance production rate of the previousfilter and the con-
sumption rate of the current filter. Pseudo code for the BFC algorithm isdisplayed in Figure 8.

In order to model shared network resources, the algorithm tracks the network usage of each stage of the
filter network, and by reducing the available bandwidth on all network segments asiit is consumed. Thus
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attempting to place multiple consumer filter on aremote cluster over aslow WAN link is discouraged inthis
algorithm. At any step of scheduling, we stop creating and placing the copies of afilter either when we have
consumed all the production rate from the previous stage, or when we reach a maximum allowabl e threshold
for the current stage. Thisthreshold is discussed in greater detail below. Once a filter has been placed on
a specified processor, that processor is marked unavailable for use by subsequent filters in the current filter
group. We should note that thisis another difference of BFC from FCP, which allows multiple filters of a
filter group to be placed on the same processor. In thisrespect, the two algorithms are complementary; one
models shared CPU, while the other models shared network resources.

In the BFC agorithm, we calculate the total CPU power availablein all clusters. We then dividethetotal
available power among thefiltersto be placed based on the computation time taken by each filter in atuning
run—notethat the tuning run has a single copy of each filter placed on separate nodeson asingle cluster. For
example, if aparticular filter accounted for 10% of the total computation time in the tuning run, it would be
assigned a maximum of 10% of the available CPU power in subsequent placements by the scheduler. This
then setsamaximum allowed power that may be assigned to any individual filter in thelayout during schedul -
ing. When this power threshold isreached the scheduler stops placing the copies of thefilter and moves onto
the next stagein the pipeline. Thisapproach has several consegquences. First, it makes the algorithm greedy.
Almost all available processorswill be utilized for scheduling, if necessary. Inour experiments, however, we
seldom saw this occur. Second, it allows us to perform scheduling in asingle pass, since we are guaranteed
that by the time we reach the last filter stage, we have sufficient remaining processing power to place at |east
alimited number of copies of the last filter. Third, if a particular stage of the schedule has not consumed all
of the output from a previous stage, and the maximum power for the current stage has been reached, the algo-
rithm will stop placing additional copies and move onto the next stage. In thisway, the BCP a gorithm lacks
the ability to add copies where they will most help. In the experiments, we observed that this does indeed
prevent usfrom achieving near optimal placements. Weintend to address thisissue by refining the algorithm
in future. Finaly, since the algorithm lacks any look-ahead or iterative methodologies, it can occasionally
be forced to schedule afilter on acluster in such away that produces sub-optimal results. For instance, if we
reach the final stage, and we find that two producer filters from the previous stage have been placed on two
separate clusters across a slow WAN link, we may be forced to send data across that link which may result
in ahigh amount of contention. In this case, onewould ideally want to go back and accept an inferior place-
ment at an earlier step of scheduling in order to achieve better overall performance. Again thisisan issue
we will look to addressin afuture work. Despite some known limitationsof thisalgorithm, the algorithmis
very simpleto apply, and it succeedsin certain cases where the FCP algorithm fails, as will be shown inthe
experimental results.

5.2 Experimental Results

In this section we present preliminary resultsfor cross-cluster (inter-cluster) scheduling using the BFC algo-
rithm. We used the same visualization application, with the same datasets, asdescribedin Sections4.4 and 4.5.
Currently, in order to perform cross-cluster filter placement the DataCutter runtime system requires that all
nodes within a cluster are fully accessible from all external clusters. At thistime the OSUMED nodes have
only internal |P addresses, and they are only accessible from afront-end node. For this reason we restricted
our experimentsto the ROGUE and DC clusters. Inthe experiments, we used asingleNWS server, but started
three groups of NWS sensorsto measure the availability of resources. Thefirst group of sensorswere placed
on the ROGUE cluster and monitored the intra-cluster network bandwidth and CPU availability. The second
group were executed on the DC cluster and measured the resource availability within the cluster. The third
group consisted of two network sensors, each placed on one of the nodes of the ROGUE and DC clusters.
These sensorswere used to monitor cluster-to-cluster WAN network bandwidth. A proxy was colocated with
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Figure 9: Performance comparison of FCP and BFC agorithms. Five queries are scheduled using asingle
cluster and two clusters (ROGUE and DC) with and without dataset replicas. SINGLE CLUSTER showsthe
average execution time of the five queries when only the ROGUE cluster isused for running thefilters, i.e.,
no cross-cluster scheduling of filtersis allowed. MULTI-CLUSTER is the configuration with one dataset
copy on the ROGUE cluster, but filters can be placed on both clusters. REPLICA denotes the configuration
inwhichthe dataset isreplicated on both clustersand both al gorithms can schedul e filters across the clusters.

the NWS server.

In our experiments, we observed that both schedulers avoided WAN links unless the availability of re-
sourcesin thelocal cluster was low, i.e., until the cost of traversing the WAN link was approximately equal
tothe cost of stayingin thelocal cluster, as expected. In the case of thelink between ROGUE and DC, NWS
measured the available bandwidth as approximately 5-7Mbps, and al internal bandwidths were effectively
90Mbps. In this configuration, we have to put a significant load on a cluster before the schedulers will at-
tempt to cross the WAN link. To emulate such a situation, we ran background jobs on the ROGUE cluster
specifically designed to reduce the available network bandwidths between the nodes until they were lower
than that of the WAN link. Our experimentsthus target the situation in which a system is shared and |oaded
by other applications, or use of local available resourcesisrestricted (e.g., through a system policy). We par-
titionedtheisosurfacedataset into four digoint setson four separate ROGUE nodes, and into two disjoint sets
on two DC nodes. We experimented with three different configurations. The first configuration allows the
scheduler to use asingle cluster only (SINGLE-CLUSTER in Figure 9). The second configuration restricts
the scheduler to only use the ROGUE dataset, but allow filtersto be placed on both ROGUE and DC nodes, if
necessary (MULTI-CLUSTER). The third configuration allows the schedul er to choose between the dataset
replicas on ROGUE and DC, and to schedule thefilters using all nodes on both clusters (REPLICA). In each
experiment, five queries were submitted to the system at a uniform rate within 100 seconds. We repeated
each experiment six times, and the timing resultsin Figure 9 are average execution times over six runs.

As seen in Figure 9, both algorithms perform approximately equally when restricted to execute within
a single cluster. However, when presented with multiple clusters and a single replica of the dataset on a
low-resource cluster, the FCP algorithm tends to cross the WAN link in order to take advantage of the idle
processors on a remote cluster. In that case, it typically places multiple Extract filters on the DC cluster,
assuming that each of the Read-to-Extract (R-E) streams use a dedicated point-to-point link. In fact each
producer-consumer stream shares the WAN link. The BFC scheduler recognizes that multiple R-E streams
will have to share the WAN link, and it typically avoids this pitfall.

In the experiment where we allow the schedulers to choose the data replicato use, and also alow them
to cross the WAN link, we see that the new BFC scheduler outperforms the FCP scheduler, and also that
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the BFC scheduler produces the overall best result in this case. Thisis because of two reasons: (i) the DC
cluster startsin an idle state relative to the ROGUE cluster, and (ii) once again the FCP algorithm attempts
to prematurely utilize nodes on remote clusters, thus paying a penalty for over-using the WAN link.

These experiments show that under certain circumstanceswe want to allow schedulersto do filter place-
ments that cross otherwise expensive WAN linksto take advantage of remote grid resources (typically when
the local resources are unavailable or overloaded), and that when we do so we must be careful to account for
theshared nature of the WAN link. In addition, the overall best situation ariseswhen one can utilizereplicated
copies of asource dataset, aswell as available grid resources.

6 Related Work

A large part of classic work on scheduling for parallel machinesis derived from Sarkar [31], and later work
such as Yang and Gerasoulis[40]. The goal on distributed memory parallel machinesis to trade-off paral-
Ielismwith communication. When weintroduce heterogeneity, many of these existing scheduling techniques
break down due to implicit homogeneity assumptions. Many techniqueshave been devel oped for scheduling
in heterogeneous computing systems[16, 36, 38, 25, 11, 21]. Some deal with a single application structured
asaDAG, while others apply to globally scheduling many independent tasks. Our approach for scheduling
aUOW isloosely based on the list-scheduling heuristic approach [23] that DAG scheduling uses, which can
result in sub-optimal mappings. Several groups have investigated scheduling methods encountered when
using network enabled servers in multi-client, multi-server scenarios[4, 12, 29, 35, 34, 41]. While network
enabled servers can be composed, typically applications consist of alarge number of more or less indepen-
dent tasks[1, 3, 17, 26, 30, 32, 33].

One mgjor difference of our approach isthat the application processing structureisimplemented as a set
of interacting components. Hence, although units of work received from different clients are handled inde-
pendently, each unit of work is a data flow network that creates intra-unit of work dependencies. Another
difference of our work is that our task graphs are mutable, i.e., the scheduler is allowed to modify the filter
network dynamically by adding and deleting copies during the scheduling process. In the standard schedul -
ing problem formulation, the computation graph is a predetermined, fixed graph and is not modified by the
scheduler. Moreover, most existing methods do not target pipelined computations on data.

7 Conclusionsand Future Work

We have presented an approach for scheduling multiple queries, of which the processing structure can be
represented as a pipelined chain of operationson data, in a Grid-based cluster environment. Our preliminary
resultsshow that the proposed scheduling al gorithmsachieve good performance, especially whenthe number
of queriesislarge. We plan to further examine the performance of the strategies presentedin this paper using
different query workloads and other applications.

We plan to improve on the scheduling algorithms presented in this paper to address several issuesin
future: 1) We plan to investigate methods to account for I/O contention effects in the model, which becomes
increasingly important as queries overlap. 2) In the current implementation, queries are scheduled one after
another. In a multi-client environment, clients may submit requests in batches or the server may receive
multiple queries simultaneously and may need to serve them in a batch. For scheduling a batch of queries,
several different strategiescan be employed. For example, asingle multi-pipeline graph from the set of filter
groups can be created and the scheduling algorithm can be applied on thisgraph. 3) When anew query isto
be scheduled for execution, the corresponding filter group can be scheduled onto all available machinesin
the system. However, the main disadvantage of this approach is that an expensive query may be scheduled
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to consume most of the resourcesto evaluateit asfast aspossible. If we have apriori knowledge of potential
future queries, it may be beneficial to limit the scheduling of filter groups.

Duringthese studiesit al so became clear that for large numbers of queriessubmittedin ashort timeframe,
it isimportant to have up-to-date resource information for dynamic scheduling. When the resource measure-
ments become stalein atimethat issignificant relativeto the rate of query submission, the scheduler isprone
to make poor decisions. Thisisparticularly trueif some clustersare significantly less powerful than othersin
agivenresource. It may be correct to place aquery on aslow cluster, however if the resource measurements
are not updated fast enough, placing more queries there may lead to dramatic slow-down due to contention
for sparse resources.

Acknowledgments. We would liketo express our gratitudeto the anonymous reviewers of our paper. Their
comments helped us improve the content and presentation of the paper significantly.
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