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Abstract

There is an emerging classof real-time interactiv e applications that re-
quire the dynamic integration of task and data parallelism. An example is
the Smart Kiosk, a free-standing computer device that provides informa-
tion and entertainmen t to people in public spaces.The kiosk interface is
computationally demanding: It employs vision and speech sensingand an
animated graphical talking face for output. The computational demands
of an interactiv e kiosk can vary widely with the number of customers and
the state of the interaction. Unfortunately this makes it di±cult to apply
current techniques for integrated task and data parallel computing, which
can produce optimal decompositions for static problems.

Using experimental results from a color-based people tracking mod-
ule, we demonstrate the existenceof a small number of distinct operating
regimes in the kiosk application. We refer to this type of program be-
havior as constrained dynamism. An application exhibiting constrained
dynamism can executee±ciently by dynamically switching among a small
number of statically determined ¯xed data parallel strategies. We present
a novel framework for integrating task and data parallelism for applica-
tions that exhibit constrained dynamism. Our solution has been imple-
mented using Stampede, a cluster programming system developed at the
Cambridge Research Laboratory.

1 In tro duction

There is an emergingclassof real-time interactive applications that require dy-
namic integration of task and data parallelism for e®ective computation. The
Smart Kiosk system[22, 5] under development at the Cambridge Research Lab-
oratory (CRL) is an examplewhich motivates this work. Kiosks provide public
accessto information and entertainment. The CRL Smart Kiosk supports natu-
ral, human-centered interaction. It usescameraand microphone inputs to drive
the behavior of a graphical talking facewhich speaksto its customers.
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The CRL Smart Kiosk hasfeaturesthat webelieveare typical of an emerging
classof scalableapplications. It is both reactive and interactive, since it must
respond to changes in its environment as new customers arrive and it must
interact with multiple people. It is computationally demandingdue to the need
for real-time vision, speech, and graphics processing. It is also highly scalable,
both at the task level in supporting a variable number of usersand functions,
and at the data level in processingmultiple video and audio streams.

E®ective utilization of the task and data parallelism inherent in the CRL
Smart Kiosk is critical for its successfulimplementation on commodit y hardware
such as clusters of SMPs. Unfortunately, existing techniques for integrated
task and data parallel computing [2, 4, 9, 19, 3] are not well-suited to this
type of application. As an example of the current state-of-the-art, the system
described in [19] employs extensive o®-lineanalysisof the memory requirements,
communication patterns and scalability aspects of the tasks. This information
is then used to make a static determination of the ideal distribution of work
among processors.

In contrast, the computational requirements of even simple vision algorithms
for the kiosk are proportional to the number of customers, which cannot be
predicted in advance. This variabilit y has a direct in°uence on the optimal
resourceassignment, as we demonstrate in Section 6. Furthermore, computa-
tional requirements that are unrelated to sensingtasks (such asdatabaseaccess,
remote content retrieval, and conversation with the customer) will also vary as
customers use the kiosk, impacting the resourcesavailable for sensing. Some
previous work has beendone on the dynamic integration of task and data par-
allelism for scienti¯c applications [3]. However, that work focusedon parallel
numerical algorithms such as can be found in ScaLAPACK.

In this paper, we describe a novel approach to the dynamic integration of
task and data parallelism for interactive real-time applications like the CRL
Smart Kiosk. This work takes place within the context of Stampede, a clus-
ter programming system under development at CRL. Stampede is aimed at
making it easy to program this emerging class of applications on clusters of
SMPs, the most economicallyattractiv e scalableplatforms. Stampedeprovides
a task-parallel substrate: Dynamic cluster-wide threads together with Space-
Time Memory, a high-level, °exible mechanism by which threads can commu-
nicate time-sequenceddata such as video frames.

We present a general framework for integrating data parallelism into a task
parallel substrate such as Stampede. It is basedon an architecture for embed-
ding data parallel decompositions into a task graph. The architecture supports
dynamic, on-line changes in the data parallel strategy. We intro duce a new
notational schemefor describing theseembeddeddata parallel architectures. In
addition, we discussan approach to changing the data parallel strategy during
execution in responseto changesin the application.

We show experimental results for a color-basedtracking task that demon-
strate the existenceof distinct operating regimesin the kiosk application. Within
each regime, a di®erent data parallel strategy is required for optimal perfor-
mance. We say that the kiosk exhibits constrained dynamism, sincethe optimal

2



strategy changesduring execution,but only at the boundariesof a small number
of operating regimes. Our framework for integrated task and data parallelism
is ideally suited to applications with constrained dynamics.

In Section2 wedescribe the CRL Smart Kiosk application which providesthe
motivation for this research. We present the Stampedesystemin Section3. Sec-
tions 4 and 5 form the core of paper. They contain our framework for dynamic
integration of task and data parallelism. Experimental results demonstrating
the existenceof constrained dynamism can be found in Section 6.

2 The CRL Smart Kiosk: A Dynamic Multime-
dia Application

This work is motivated by the computational requirements of a classof dynamic,
interactive computer vision applications. We intro duce this class through a
speci¯c example: A vision-baseduser-interface for a Smart Kiosk [22, 17] under
development at the Cambridge Research Laboratory. A Smart Kiosk is a free-
standing computerizeddevicethat is capableof interacting with multiple people
in a public environment, providing information and entertainment.

Figure 1: The Smart Kiosk

Conventional kiosks, such as ATM machines, are based on a touch-screen
interface. The market for these kiosks is currently growing rapidly. We are
exploring a social interface paradigm for kiosks. In this paradigm, vision and
speech sensingprovide user input while a graphical speaking agent provides the
kiosk's output. Results from a recent public installation of our protot ype kiosk
can be found in [5]. A related kiosk application is described in [7].
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Figure 1 shows a picture of the Smart Kiosk protot ype. The cameraat the
top of the deviceacquiresimagesof peoplestanding in front of the kiosk display.
The kiosk employs vision techniquesto track and identify peoplebasedon their
motion and clothing color [17]. The estimated position of multiple usersdrives
the behavior of an animated graphical face,called DECface [21], which occupies
the upper left corner of the display.

Vision techniques support two kiosk behaviors which are characteristic of
public interactions betweenhumans. First, the kiosk greetspeopleas they ap-
proach the display. Second,during an interaction with multiple usersDECface
exhibits natural gazebehavior, glancing in each person's direction on a regu-
lar basis. Future versionsof the kiosk will include speech processingand face
detection and recognition.

There is currently a great deal of interest in vision- and speech-baseduser-
interfaces (see the recent collections [6, 8]). We believe the Smart Kiosk to
be representativ e of a broad classof emergingapplications in surveillance, au-
tonomous agents, and intelligent vehiclesand rooms.

2.1 Computational Prop erties

A key attribute of the Smart Kiosk application is the real-time processingand
generation of multimedia data. Video and speech processingcombined with
computer graphics rendering and speech synthesis are critical components of a
social interface. The number and bandwidth of these data streams results in
dramatic computational requirements for the kiosk application. However, there
is both signi¯cant task parallelism asa result of the loosecoupling betweendata
streamsand signi¯cant data parallelism within each data stream. Thesesources
of parallelism can be exploited to improve performance. However, the complex
data sharing patterns between tasks in the application make the development
of a parallel implementation challenging.

One source of complexity arises when tasks share streams of input data
which they sample at di®erent rates. For example, a ¯gure tracking task may
needto sampleevery frame in an imagesequencein order to accurately estimate
the motion of a particular user. A face recognition task, in contrast, could be
run much less frequently . Di®erencesin these sampling rates complicate the
recycling and management of the frame bu®ersthat hold the video input data.

The dynamics of the set of tasks that make up the kiosk application is a
secondsourceof complexity. Thesedynamicsarea direct result of the interactive
nature of the application. A task such as face recognition, for example, is only
performed if a user has been detected in the scene. Thus, whether a task in
the application is active or not can depend upon the state of the external world
and the inputs the systemhas received. This variabilit y also complicatesframe
bu®ermanagement.
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2.2 Color-Based Tracking Example

The Smart Kiosk application can be viewed as a dynamic collection of tasks
that processstreams of input data at di®erent sampling rates. To explore this
point further, we focus on a subpart of the Smart Kiosk application that tracks
multiple people in an image sequencebasedon the color of their shirts.

Figure 2 shows the task graph for a color-basedperson tracking algorithm
taken from [17]. It was used in our ¯rst Smart Kiosk protot ype [22]. It tracks
multiple people in the vicinit y of the kiosk by comparing each video frame
against a set of previously de¯ned histogram models of shirt colors. There are
four distinct tasks: digitizer, changedetection, histogram, and target detection,
which are shown as elliptical nodes in the diagram. The inputs and outputs
for these tasks are shown as rectangles. For example, the histogram task reads
video framesand writes color histograms. The target detection task is basedon
a modi¯ed version of the standard histogram intersection algorithm described
in [20].

Color Model�

Back

Projections

Motion Mask

Model

Locations

Peak

Detection

Target

Detection

Change

Detection

Histogram

Digitizer

FrameT1

T2

T3

T4 T5

Figure 2: Task graph for the color-basedtracker. Ellipses denote tasks, im-
plemented as threads. Rectanglesdenote channels which hold streams of data
°owing betweentasks.

Figure 3 illustrates the °ow of data in the color tracker by following a single
image through the task graph. Processingbegins at the digitizer task, which
generatesthe video frame shown in Figure 3(a). The change detection task
subtracts a previously acquired background imagefrom this frame to producea
motion mask (b) showing the foreground objects and their shadows. Similarly,
the histogram task producesa histogram model (c) of the video frame (a). Figure
(c) shows an 8 by 8 bin histogram of the normalized red and greenpixel values
from the input frame, rendered as an intensity image. The brightness of each
squarebin re°ects the number of pixels it contains.

Each instantiation of the target detection task comparesthe imagehistogram
in Figure 3(c) to a previously de¯ned model histogram, resulting in a backpro-
jection image. There is a separatebackprojection image for each model. Figure
(d) shows the sum of the two backprojection imagesfor the two targets. Each
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pixel in a backprojection image encodes the likelihood that its corresponding
image pixel belongs to a particular color model. Connected component anal-
ysis and peak detection on the smoothed backprojection imagesresults in the
detected positions of the two models, shown with crossesin (e).

Parallelism at both the task and the data level are visible in the diagram of
Figure 2. Task parallelism ariseswhen distinct tasks can be executedsimulta-
neously. It is most obvious in the changedetection and histogram tasks, which
have no data dependenciesand can therefore be performed in parallel. It is also
present in the form of pipelining, where for example the histogram and target
detection taskscan be performedsimultaneously on di®erent framesof an image
sequence.

Data parallelism occurswhen a singletask can be replicated over distributed
data. The target detection task is data parallel, since it performs the same
operation for each color model in the application. The search for a set of models
can be performed in parallel by multiple instancesof the target detection task.
For example, Figure 2 illustrates a parallel search for two models. Similarly,
data parallelism at the pixel level can be exploited in many image processing
tasks, such as changedetection or histogram, by subdividing a single frame into
regionsand processingthem in parallel.

In designing a parallel implementation of the color tracker we could focus
on task parallelism, data parallelism, or some combination of the two. Our
experimental results in Section 6 con¯rm our hypothesis that in this applica-
tion's dynamic environment, we needto combine task and data parallelism and,
moreover, that the combined structure must vary dynamically.

3 Stamp ede

In this section we brie°y describe Stampede. Stampede is the programming
system within which we explore integrated task and data parallelism. (A more
detailed description may be found in [15, 14].) Stampede is currently based
entirely on C library calls, i.e., it is implemented as a run-time system, with
calls from standard C.

Stampedeextends the well-known POSIX dynamic threads model [11] from
SMPs to clusters of SMPs, which constitute the most economically attractiv e
scalable platforms today. It provides various \shared-memory" facilities for
threads to sharedata uniformly and consistently acrossclusters.

More pertinent to the current discussion,Stampede provides a high-level,
concurrent, distributed data structure calledSpace-Time Memory (STM), which
allows threads to produce and consumetime-sequenceddata in °exible ways,
addressingthe complex \bu®er management" problem that arisesin managing
temporally indexed data streamsas in the Smart Kiosk application. There are
four sourcesof this complexity:

² Streamsbecometemporally sparseraswe move up the analysishierarchy,
from low-level vision processingtasks to high-level recognition tasks.
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(a) Video Frame

(b) Motion Mask (c) Histogram Mo del

(d) Backpro jection Image (e) Mo del Locations

Figure 3: Data °ow in the color tracker of Figure 2 during a search for two
models, corresponding to the two ¯gures in the input frame (a). The ¯nal
output is the positions of the detected targets in (e). Intermediate results are
shown in (b){(d).
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² Threads may not accessitems in strict stream order.

² Threads may combine streams using temporal correlation (e.g., stereo
vision, or combining vision and sound).

² The hierarchy itself is dynamic, involving newly created threads that may
re-examineearlier data.

Traditional data structures such asstreams,queuesand lists are not su±ciently
expressive to handle thesefeatures.

Stampede'sSpace-TimeMemory (STM) is our solution to this problem. The
key construct in STM is the channel, which is a location-transparent collection
of objects indexed by time. The API has operations to create a channel dy-
namically, and for a thread to attach and detach a channel. Each attachment is
known asa connection, and a thread may have connectionsto multiple channels
and even multiple connectionsto the samechannel.

STM

channel

put (conn, ts, item, size) item, size� := get (conn, ts)

consume (conn, ts)

thread

thread thread

thread

conn = "connection" (API: attach/ detach/ ...)

ts = "timestamp" (specific, wildcard, ...)

Figure 4: Overview of Stampedechannels.

Figure 4 shows an overview of how channels are used. A thread can put a
data item into a channel via a given output connection using the call:

spd_channel_put_item (o_connection, timestamp, buf_p, buf_size, ...)

The item is described by the pointer buf p and its buf size in bytes. Although
multiple channels may contain items with the same timestamp at the same
time, a given channel can contain only one item with a given timestamp. But
this constraint doesnot imply that items be put into the channel in increasing
or contiguous timestamp order. Indeed, to increasethroughput, a module may
contain replicated threads that pull items from a commoninput channel, process
them, and put items into a commonoutput channel. Depending on the relative
speed of the threads and the particular events they recognize,it may happen
that items are placed into the output channel \out of order". Channelscan be
created to hold a bounded or unbounded number of items. The put call takes
an additional °ag that allows it to block or to return immediately with an error
code, if a bounded output channel is full.
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A thread can get an item from a channel via a given connection using the
call:

spd_channel_get_item (i_connection, timestamp,
& buf_p, & buf_size,
& timestamp_range, ...);

The timestamp can specify a particular value, or it can be a wildcard request-
ing the newest/oldest value currently in the channel, or the newest value not
previously gotten over any connection, etc. As in the put call, a °ag parameter
speci¯es whether to block if a suitable item is currently unavailable, or to re-
turn immediately with an error code. The parametersbuf p and buf size can be
used to pass in a bu®er to receive the item or, by passingNULL in buf p, the
application can ask Stampede to allocate a bu®er. The timestamp range param-
eter returns the timestamp of the item returned, if available; if unavailable, it
returns the timestamps of the \neighboring" available items, if any.

The put and get operations are atomic. Even though a channel is a dis-
tributed data structure and multiple threads acrossthe cluster may simultane-
ously be performing operations on the channel, these operations appear to all
threads as if they occur in a particular serial order.

The semantics of put and get are copy-in and copy-out, respectively. Thus,
after a put , a thread may immediately safely re-useits bu®er. Similarly, after a
successfulget , a client can safely modify the copy of the object that it received
without interfering with the channel or with other threads. Of course,an ap-
plication can still pass a datum by reference{ it merely passesa referenceto
the object through STM, instead of the datum itself. The notion of a \refer-
ence" can be basedon any of the \shared-memory" mechanisms supported by
Stampede,described in more detail in [14].

Puts and gets,with copying semantics, are of coursereminiscent of message-
passing. However, unlike message-passing,theseare location-independent oper-
ations on a distributed data structure. Theseoperations are one-sided:there is
no \destination" thread/ processin a put , nor any \source" thread/ processin a
get . The abstraction is oneof concurrently putting items into and getting items
from a temporally ordered collection, not of communicating betweenprocesses.

A related conception of space-timememory has beenusedin optimistic dis-
tributed discrete-event simulation [12, 10]. In thesesystems,space-timememory
is used to allow a computation to roll-back to an earlier state when events are
received out of order. In contrast, we have proposed STM as a fundamen-
tal building block for a distributed application. Additional information about
STM and related work can be found in [18, 15].

4 In tegration of Task and Data Parallelism

In this section, we addressthe integration of task and data parallelism in the
context of the Stampede system. We will discuss both static and dynamic
integration strategies, using the color tracker application from Figure 2 as an
illustrativ e example.
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For tasks like the color tracker there is a basicperformancetradeo®between
latency (input to output time per single frame) and throughput (output frames
per unit time). Sincethe digitizer can generateimagessigni¯cantly faster than
the downstream tasks can processthem, pipeline parallelism can be used to
increasethroughput. Alternativ ely, a data parallel implementation of the target
detection task can be used to remove bottlenecks and reduce latency. The
integration of task and data parallelism makes it possible to address latency
and throughput in a single framework.

Task parallelism is captured in a natural fashion by the task graph repre-
sentation used in Space-Time Memory.1 We intro duce a framework for data
parallel execution of a task in the STM environment. The basic idea is to re-
place a node in the task graph with a data parallel subgraph. This subgraph
implements the work of the original node using multiple worker nodes operat-
ing in parallel. Each worker performs the sametask as the original node but
operateson a partition of the data.

We will describe the generalform of the data parallel subgraphwhich can be
applied to any potentially data parallel node in the task graph. The details of
its operation will depend upon the application. For example, the color tracker
operateson two data types, image framesand target color models. The tracker
data spacecan be characterized as the crossproduct of frames, pixels in each
frame, and models. Correspondingly, there are three possible strategies for
exploiting data parallelism: distribute distinct whole frames,distribute parts of
the sameframe (i.e. regionsof pixels), and distribute models.

Distributing distinct frames increasesthroughput but has no impact on per
frame latency. Distributing regions and models would reduce latency. In dis-
tributing parts of the sameframe each data parallel thread searchesin distinct
regionsof the frame for all of the models. Alternativ ely, in distributing models,
each thread searches the entire frame for a distinct subset of target models.
Combinations of thesetwo approachesresult in searching distinct regionsof the
frame for a subsetof the models.

4.1 Static Data Parallel Arc hitecture

As an intro duction to our framework, we ¯rst consider a static data parallel
architecture. It hasthree basiccomponents: splitter, worker, and joiner threads.
The structure is illustrated in Figure 5. For sometask T, N data parallel worker
threads execute the task concurrently , each on approximately one N th of the
data. The splitter thread readsfrom the input channelsfor task T and converts
the chunk of work speci¯ed by the inputs to T into N data parallel chunks, one
for each of the workers. The joiner combines the N partial results from the
workers into a singleresult, which it placeson T's output channels. The splitter
and joiner threads provide the interface between the worker threads and the
rest of the task graph. They ensurethat the data parallelism within T is not
visible to the rest of the application.

1As a result, a task parallel implementation of an application can be achieved simply by
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Figure 5: Static data parallel architecture.

The extent of the data parallelism employed is determined by the number of
workers. A worker thread is a parameterizedversionof the original thread which
hasbeendesignedto processa speci¯c partition of the data. In the color tracker
example, workers process¯xed combinations of regionsand models. Note that
in the casewherewhole framesare distributed the worker threads can be direct
copiesof the original thread: The splitter simply reads frames and distributes
them to the workers, and the joiner placesthe processedframes on its output
channel.

The data parallel approach of Figure 5 is static in that there is a ¯xed
assignment of chunks to workers and a ¯xed number of worker threads. Note
however that the splitter doesnot have to wait until oneset of chunks has been
completed beforesendingthe next set of chunks to the workers.

4.2 Dynamic Data Parallel Arc hitecture

The static assignment of chunks to workers is unnecessarilyrestrictiv e. It limits
the °exibilit y of the splitter to respond to changesin the task and makes it
di±cult to vary the number of workers. In the color tracking application, for
example, the splitter's strategy should vary with the number of targets, as we
demonstrate experimentally in Section 6.

Figure 6 illustrates a dynamic data parallel architecture that avoids the
limitations of the static approach. Here a single work queueacts as the source
of chunks for all of the worker threads, supporting the dynamic assignment of
chunks basedon worker availabilit y. The work queueprovides load balancing
in the situation where the number of chunks does not equal the number of
workers. This strategy further minimizes latency when the time to complete a
chunk varies over time. It also makes it easier to vary the number of worker
threads, N , during execution.

implementing it in Stamp ede and assigning each task to a separate thread.
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Figure 6: Dynamic data parallel architecture.

The splitter divides an item of work into M chunks. In contrast to the static
case,we no longer require M = N . In fact, M may vary with each item. In
the static case,the joiner knew the number of chunks for each item and where
to ¯nd them. Here the splitter communicates its data parallel strategy for each
item (e.g., by frames, regions,models, or a combination) including the number
of chunks, to the joiner through the controller queue.

The workers communicate with the joiner through the done channels illus-
trated in Figure 6. The splitter tags each chunk with its associated donechannel
(e.g. chunk i goesto donechannel i ). This mechanism allows any worker to pro-
cessany chunk sincethe done channelsact as a sorting network for the results.
After receiving the strategy from the splitter, the joiner readsthe partial results
from the appropriate done channels,combines them, and outputs the complete
result. Note that the number of allocated done channels,d, is an upper bound
on the number of chunks generatedby splitter for any item.

In contrast to the static case,this architecture givesthe splitter the abilit y to
dynamically alter its strategy in responseto changesin the task. A framework
for changing strategies is described in Section 4.4.

4.3 Data Parallel Notation

The generaldata parallel architecture above is usedto transform the task parallel
version of an application to an integrated task and data parallel version of
that application called the DP application architecture. This processcould be
speci¯ed by replacing one or more nodes in the original task graph by the
subgraph of Figure 6. As a notation, this quickly becomesunwieldy due to the
visual complexity of the expandedtask graph. As an alternativ e, we intro duce
a new data parallel notation that conciselydescribesthe data parallel aspectsof
the DP application architecture. Using our notation, the replacement of a node
T by a data parallel subgraph is written f w T dg. Here T identi¯es the task, w
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indicates the number of workers, and d indicates the number of done channels.
For example, f 8 T 4g denotesa data parallel structure with 8 workers and 4
done channels. The open and closebrackets can be thought of as representing
the splitter and joiner respectively.

Notice that this notation only speci¯es the DP application architecture. It
does not describe the strategy used by the splitter in processingan item. For
example, it does not specify how many chunks an item will be divided into
or what those chunks correspond to. The splitter can dynamically modify its
strategy basedon the items it receives. It is constrained only by the number of
available workers and doneports, asspeci¯ed in the notation. For instance, the
number of done ports d is an upper bound on the number of chunks.

Up to now we have viewed the generaldata parallel architecture in Figure 6
as a meansof replicating a single node in an existing task graph into multiple
worker nodescontained betweena splitter and a joiner. Note, however, that any
single-entry/single-exit subgraph of the original task graph can be replicated in
the same manner. We will use the term replica to refer to such a replicated
subgraph. The entry node of a replica will remove items from the work queue.
The exit node will put the result on the appropriate donechannel. Each replica
is simply a copy of tasks and channels from the original task graph that is
designedto work on somepartition of the data.

In order to describe replicas using our data parallel notation, we ¯rst need
a method for specifying subgraphs. We denote the subgraph with entry node
T i and exit node T j as T i ::T j . Then a DP application architecture containing
w replicas of this subgraph can be written f w T i ::T j

dg. Note that this form
is not self-contained, but assumesthat the description of the subgraph from T i

to T j is available from the original task graph. For example,given Figure 2 the
color tracker can be written T1::T5.

In our earlier discussionof replication we madeno distinction betweenrepli-
cation within an SMP and replication acrossnodesin the cluster. This distinc-
tion has a critical e®ecton performance. It is expressedin our data parallel
notation as follows: The curly brackets intro duced above indicate that replicas
are on distinct nodes. Alternativ ely, square brackets indicate that replication
occurs within a given SMP. An example of the latter is [w T d]. Table 1 gives
a summary of our notation, including someexampleshierarchical replications
which are described in Section 5.

4.4 Data Parallel Strategy

We have described the general data parallel architecture and a notation for
specifying its use to create a DP application architecture. In the context of
the color tracker, we have presented several data parallel strategies which our
architecture supports (e.g. distributing regionsor models). Wewill now describe
an approach to changing the strategy on-line in response to changes in the
application.

We de¯ne the state of the system to be the set of variables that determine
the choice of data parallel strategy. In the color tracker example, the state is
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Example Interpretation

[w T d] Replication of task T within an SMP
w is the number of workers
d is the number of done channels

f w T dg Replication of task T acrossnodesof a cluster
[w T i ::T j

d] Replication of a subgraph within an SMP
T i is the entry node of the subgraph
T j is the exit node of the subgraph

f w1 [w2 T d2 ] d1 g Hierarchical Replication of a single task T
f w1 T i : [w2 Tm ::Tn

d2 ] :T j
d1 g Hierarchical replication of subgraph T m to Tn

within a replication of subgraph T i to T j

Table 1: Summary of Data Parallel Notation

simply the number of peoplebeing tracked.
The key observation is that our classof applications is not arbitrarily dy-

namic. It exhibits a characteristic which we call constrained dynamism that is
de¯ned by the following properties:

1. Changes in state are infrequent. More precisely, the number of items
processedbetweenbetweenstate changesis large.

2. The number of distinct states is small.

3. Changesin state can be detected.

The ¯rst property implies that the splitter will need to change strategies
infrequently . As a result, the overhead associated with an on-line change in
strategy can be amortized over long sequencesof processeditems. The second
property implies that it is feasibleto specify the optimal data parallel strategy
for each state. The optimal strategy for each state can be determined through
o®-lineanalysis. This results in a look-up table which can be usedby the splitter
during execution to selectthe correct data parallel strategy. The third property
ensuresthat the splitter can react to on-line changesin the systemstate. For ex-
ample, in the color tracker application the splitter would be informed whenever
a personentered or left the sceneand could changestrategies if necessary.

Note that measurements of the systemstate may derive from computations
performed by the application on its inputs. This can result in latency between
the time at which the state changesand the time at which the changebecomes
known to the splitter. For example, in the color tracker the number of people
in a given frame is not known until after it has beenprocessed!If this number
changedwith each frame it would be impossibleto select the optimal strategy.
However, property one ensuresthat on averageonly a small number of items
will be processedusing a suboptimal strategy. The color tracker possessesthis
property in most situations.

14



To summarize, we propose to enumerate all possible states and for each
state to determine the ideal data parallel strategy during o®-lineanalysis. This
information is encoded in a look-up table. The splitter's strategy is basedon the
measuredstate. When the state changes,the splitter interrogates the table to
determine the best strategy for the new state. The splitter adopts this strategy
until the next state change. The splitter communicates the strategy it is using
for each item to the joiner via the control channel.

Finally, we note that although our presentation in this section took place
in the context of the Stampede system, our approach to integrating task and
data parallelism is quite general. It is applicable to any macro data°ow pipeline
architecture. One example is the AVSnExpress visualization system from Ad-
vancedVisual Systems,Inc. [1].

5 Hierarc hical Decomp ositions

The approach to integrating data-parallel computations described in Section 4
has a natural, recursive extension. Networks of the form of Figure 6 can be
nested recursively, creating layered replications. These more complex topolo-
giesarise naturally from attempts to reduce latency or increasethroughput by
applying data parallelism to bottle-neck tasks.

A particularly natural hierarchical decomposition for the color tracker is
shown in Figure 7. This decomposition is designedto improve both latency
and throughput in a cluster setting. We will intro duce the general idea of
hierarchical decomposition through this example. The ¯gure illustrates the
direct incorporation of the data parallel notation into the task graph, thereby
specifying the integration of task and data parallelism. Note that this is a
self-contained description of the DP application architecture.

Color Model�

Back

Projections

Motion Mask

Model

Locations

Peak

Detection

Target

Detection

Change

Detection

Histogram

Digitizer

w1 d1 = 1

w2 d2

FrameT1 Frame

T2

Ta

T3

T4 T5

Figure 7: Hierarchical Parallelism

In the exampleof Figure 7, the digitizer createsa sequenceof frameswhich
are distributed across nodes in the cluster. This distribution is denoted by
the left curly bracket, where w1 is the number of nodes. Each node will process
approximately 1/ w1 of the frames. This outer replication addressesthroughput.
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Notice that since this replication does not divide up a given item (i.e. frame)
there is no need for a joiner task or a controller channel. All of the output is
sent to a single done channel. This is denoted by the right curly bracket for
which d1 = 1. The STM will order the items on the donechannel basedon their
time-stamps, e®ectively acting as a joiner in merging the outputs from distinct
nodes.

All of the tasks contained within the outer curly brackets in Figure 7 are
replicated across nodes in the cluster. In Section 4.3 we observed that any
single-entry/single-exit subgraph can be replicated.2 Minor modi¯cations may
be required to convert an arbitrary subgraph to single-entry/single-exit form.
In this example, the original subgraph had two entry nodes, T2 and T3 (see
Figure 2). By adding the auxiliary node T a (which is shadedin the ¯gure) and
an associated channel we easily converted the original subgraph to single entry
form. This outer replication can be written using our data parallel notation as
f w1 Ta ::T5 d1 g.

Continuing with our example, we can further improve performance by ad-
dressingthe latency within a node. This involvesa further decomposition within
the replicated subgraphT a ::T5. The bottleneck for this subgraph(and the color
tracker asa whole) is the target detection task, T4. Pixel-level data parallelism
in this task can be exploited within each SMP. This results in the inner repli-
cation [w2 T4 d2 ] where w2 and d2 are the usual parameters. This replication
is illustrated with square brackets in Figure 7. The ¯nal result is a hierar-
chical decomposition with two levels of data parallelism. It can be written
f w1 Ta : [w2 T4 d2 ] :T5 d1 g.

Another exampleof a hierarchical decomposition, which we will discussfur-
ther in Section6, is T1: f w1 [w2 T4 d2 ] d1 g :T5. This minimum latency solution
distributes the single bottleneck task, T4, both acrossand within nodes. It
is interesting becausewhile the outer splitter sendsitems to a work queue as
usual, the task that reads those items is not an application task as in the pre-
vious example. Instead, becausethe two replications are tightly nested the
readerof the outer work queueis another splitter which writes to an inner work
queue. One might think that this DP application architecture is equivalent to
one splitter with w1 * w2 workers. In reality this two level decomposition can
be much more e®ective due to the cost di®erencebetweeninter- and intra- node
communication.

Finally, we note that the hierarchical examplesin this section demonstrate
the °exibilit y of the data parallel notation intro ducedin Section4.3. A summary
of this notation can be found in Table 1.

2Although we require a single task at entry and exit of the replicated subgraph, we allow
multiple channels to the entry and from the exit. These can be handled straigh tforw ardly .
For example, the splitter can get an item from each of n channels and put one item that is an
n-tuple onto the work queue.
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6 Exp erimen tal Results

We implemented the color tracker application from Section2.2 within the Stam-
pede framework and conducted two sets of experiments. The goal of these
experiments was to demonstrate the needto vary the data parallel strategy dy-
namically in order to obtain optimum performance. We show that for both one
and two node (four and eight processors)implementations of the color tracker,
the optimal data parallel decomposition dependsdirectly on the number of tar-
gets being tracked. We establish this result by measuring the performance of
the application as a function of the strategy and the number of models on two
di®erent DP application architectures.

Weconductedtheseexperiments on a two nodecluster of AlphaServer 4100's
(four processorSMPs) interconnected by Memory Channel and running DIG-
ITAL UNIX 4.0. STM channels were used to implement the communication
between the splitter, worker, and joiner threads in the general data parallel
architecture of Figure 6. In our current implementation these threads are ex-
plicitly createdat the application level. In future work we plan to automate the
generationof thesesubgraphsusing a high-level description of the data parallel
strategy.

6.1 SMP Exp erimen t

The ¯rst experiment focused on data parallel strategies for the target detec-
tion task, T4, within a single SMP. This task is the performancebottleneck in
the color tracker (seeFigure 2). The cost of target detection results from the
histogram backprojection algorithm [20] which generatesthe back projection
imagesdepicted in Figure 3(e). In histogram backprojection, each pixel in the
input image is compared to each of the target models, which are speci¯ed by
color histograms. This comparisonstep results in a set of images,one for each
target, in which each pixel location has been labeled with the likelihood that
it came from that target model. After smoothing these images to reduce the
e®ectsof image noise, connectedcomponents analysis is used to identify blobs
corresponding to the location of each target in the image.

In parallelizing the backprojection algorithm for a single frame we can di-
vide the data by target models and by image regions. The number of target
models varies as customersappear and disappear. For a small number of tar-
get models, distribution over regions is the only option, but as the number of
models increasesthere is a choice. We would expect distributing over regionsto
result in increasedoverhead over processingwhole frames. For example, there
are certain set-up costsinvolved in processinga region of pixels regardlessof its
size. In addition, there are book-keepingcosts involved in partitioning a frame
of pixel data into regionsfor processing.

The DP application architecture used in this experiment can be written
[4 T4 d] (seeSection 4.3), where there is one worker for each of four CPU's and
the number of donechannelsd equalsthe number of chunks in the data parallel
strategy. We implemented four di®erent strategiesin order to explore the e®ect
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Total Models
1 8

Partitions MP = 1 MP = 8 MP = 1
FP = 1 0.876(1) 1.857(8) 6.850(1)
FP = 4 0.275(4) 2.155(32) 2.033(4)

Table 2: Timing results in seconds/framefor the target detection task, T4, with
one and eight target models.

of partitioning by models and partitioning by regions.
Table 2 givesthe results for thesetrials. It shows the total time to detect all

targets in a single frame. There were two regimes, in which the total number
of models was one and eight. MP gives the number of partitions of the models
and FP the number of partitions of the frames. The total number of chunks in
each trial (shown in parentheses)is the product of MP and FP. For example, in
the caseMP = 8 and FP = 1 each of eight chunks searched for a single model
acrossthe entire frame.

In the casewheretotal number of models is one(¯rst column), we tested the
sequential approach of searching the entire frame in onechunk (FP = 1) against
the data parallel strategy of dividing the frame acrossfour chunks (FP = 4).
The parallel approach was faster, as expected, by more than a factor of three.

In the caseof eight total models(secondcolumn) wetested four combinations
of two strategies,corresponding to partitioning the data acrossmodels(MP = 8)
and acrossframes (FP = 4). The three parallel approaches corresponding to
8, 32, and 4 chunks were each more than three times faster than the sequential
approach in the upper right of the table, which corresponds to a single chunk.
As expected, the division acrossmodels was faster (by 17 percent) than the
division acrosspixels, presumably due to the increasedoverhead in the region
case.

The results in Table 2 indicate the needfor a dynamic decomposition strat-
egy. When the number of models is small, partitioning frames is the only way
to obtain signi¯cant parallelism. For larger numbers of models, the optimal de-
composition is to partition the models. This decisionmust be taken on-line as
the number of modelschangesin responseto the appearanceand disappearance
of people in the scene.

While these experiments do not re°ect the cost of looking up and imple-
menting an on-line changein the data parallel strategy at each changeof state,
they do include the overheadincurred by the controller channel at each item.

6.2 Cluster Exp erimen t

We next examinedthe performanceof data parallel decompositions in a cluster
setting. Using a two node cluster we tested the decomposition f 2 [4 T4 4] dg
discussedat the end of Section 5. We implemented three di®erent data parallel
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Decomposition Latency Throughput
(secs) (frames/sec)

A: Outer - Frames 2.44 1.005
Inner - Regions

B: Outer - Models 1.44 0.935
Inner - Regions

C: Outer - Regions 1.62 0.862
Inner - Regions

Table 3: Timing measurements for three decompositions of the target detection
task on a two node cluster.

strategies with respect to this DP application architecture. In all three cases,
the inner (square bracket) partition was over pixels. Four image regions were
distributed to four worker threads within each SMP. There were eight color
models(targets). The three strategiesdi®eredin the partitioning that wasdone
at the outer (curly bracket) level. The number of replicas was two in all cases,
sincewe were using a two node cluster.

Timing results for decompositionsA, B, and C areshown in Table3. Decom-
position A corresponds to distributing framesat the outer level, B to distribut-
ing color models, and C to distributing regions. For each decomposition, we
measuredaveragelatency and throughput. Latency was measuredas the time
(in seconds)betweenthe generationof a frame at the digitizer and the receipt of
the computed target positions at the user-interface. Thus all latency numbers
include sequential task times before and after T4. To assessthroughput, we
measuredthe time between the arrival of successive outputs at the interface.
The throughput number reported in the table is the reciprocal of this measured
inter-arriv al time.

Theselatency and throughput measurements are steady-statemeasurements
which excludetransients at systemstart-up. For the latency measurements, we
sent singleframesthrough the task graph, usinga feedback mechanismto ensure
that a new frame enters the system only when the previous frame has been
processed.This is necessaryto di®erentiate the time spent processingan item
from the time it spendsin channelswaiting to be processed.The latter depends
on the rate at which frames are produced and the e®ectivenessof the thread
scheduling mechanism, and can be made arbitrarily large. For the throughput
measurements, we injected 20 input frames into the system, which ¯lled the
channels to capacity, and recorded inter-arriv al times after the transient died
out.

Decomposition A distributes frames at the outer level in order to improve
throughput. Latency remains as it was in the single SMP casesince in both
caseseach frame is processedby a singlenode. So this caseexhibits the highest
latencies in the table. The times compare favorably to the single node imple-
mentation of this identical strategy which is reported in Table 2 in the cell

19



(F P = 4, M P = 1). This decomposition has the best throughput.
Decomposition B distributes models at the outer level in order to improve

the latency of a given frame. There is a small amount of overhead in merging
the results so the throughput is slightly reduced. The latency has improved
signi¯cantly . However, it doesnot show a speedupof two on two nodesbecause
of the inter-node communication required.

Decomposition C distributes regions instead of models at the outer level
to improve latency. There is more overhead in dividing regions vs. dividing
models. Distributing regions at the outer level leads to less improvement in
both latency and throughput than distributing models, when there are enough
modelsto distribute. The di®erencein performancebetweenthesetwo strategies
is even more substantial here than in the SMP case. This further underscores
the importance of dynamically choosing the optimal decomposition strategy.

Theseresults demonstratethat dynamic data parallel strategiesare required
for optimal performance even for a relatively simple vision algorithm. In this
examplethe optimal strategy dependsupon the number of targets. Below some
threshold we should divide over regions,above it we should divide over models.

The color tracker itself makes up only a small part of the complete kiosk
application. As additional vision, speech, and graphics functionalities are im-
plemented, an even more complex set of dynamic choiceswill have to be made.

7 Conclusions and Future Work

There is a classof emerging applications that requires the integration of task
and data parallelism. The current state of the art in integrating task and data
parallelism optimizes the decomposition for static problems. However, our ap-
plications are not well suited to these techniques becausethey exhibit wide
variabilit y over time.

The key insight that makes optimization of data parallel decompositions
possiblein our dynamically varying applications is that the wide variabilit y is
over a small number of distinct regimeseach of which is amenableto static tech-
niques. For example, in the caseof the color tracker, each regime corresponds
to a speci¯c number of people in front of the kiosk. We have experimentally
demonstratedthat the optimal decomposition variesdynamically even for fairly
simple algorithms such as the vision-basedcolor tracker.

We have described and implemented a mechanism for integrating task and
data parallelism that can e®ectively exploit dynamically varying decomposi-
tions. We have also intro duced a notation for specifying DP application archi-
tectures in this framework. A preliminary version of this work ¯rst appearedin
[16].

Currently the DP application architecture has only been implemented di-
rectly at the application level. Our next goal is to automate the generation of
thesesarchitectures. The input to this processwould include the task graph,
a data parallelism speci¯cation in our data parallel notation, parameterized
splitter, worker, and joiner methods. The abstraction would automatically cre-
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ate the necessarychannelsand threads by invoking these application-provided
methods to generate the structure depicted in Figure 6. To change the data
parallel aspects of the application one would simply change the data parallel
speci¯cation and regeneratethe application.

The main source of ine±ciency remaining in the current system is thread
scheduling. The system currently relies on pthreads to schedule tasks. But
the pthreads systemdoesnot understand the speci¯c scheduling issuesfor STM
basedapplications and can easilygeneratean ine±cient schedule. Our approach
to scheduling and someexperimental results are described in [13].
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