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A New Modality of Collaborative Computing:
Internet-Based Computing (IC)

e The owner of a massive job enlists the aid of remote clients to
compute the job's (compute-intensive) tasks.

e The owner (server) allocates tasks to clients, one at a time.

o A client receives its (k + 1)th task after returning the results
from its kth task.



Historical IC Applications

e Astronomical calculations

SETI@home:
(http://setiathome.ssl.berkeley.edu)
XPulsar@home:

(http://xpulsar.tat.physik.uni-tuebingen.de)

e Factoring large integers

The RSA Factoring by Web Project:
(http://www.npac.syr.edu/factoring)

e Drug testing
The Intel Philanthropic Peer-to-Peer program:

(www.intel.com/cure)
The Olson Laboratory Fight AIDS@Home project:
(www.fightaidsathome.org)



Some Existing IC Projects

General-purpose ‘“virtual supercomputers”

e The World-Wide Grid
(http://www.cs.mu.oz.au/raj/grids/wug )

e TeraGrid (http://www.teragrid.org)
e The GUSTO Grid (http://www.globus.org)
Targeted application areas
e The LHC Computing Grid (http://lcg.web.cern.ch/LCG)
e the UK e-Science Grid (http://www.escience-grid.org.uk)

“Do-it-yourself” projects

e BOINC (http://boinc.berkeley.edu)
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When jobs have intertask dependencies (modeled as dags)—

temporal unpredictability complicates scheduling of tasks.
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Challenges in Internet-Based Computing

When jobs have intertask dependencies (modeled as dags)—

temporal unpredictability complicates scheduling of tasks:

e (lients become available at unpredictable times.

e (Clients can be unexpectedly slow:

— They are not dedicated.

— They communicate over the Internet.
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Our Overall Goal

Determine how to schedule a dag of tasks in a way that—

Informally:
e lessens the danger of a computation’s stalling

e enhances the utilization of client resources

Formally:
e maximizes the number of tasks that are eligible for allocation

at every step of the computation




Formalizing the Theory’s Framework/Goal
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The Internet-Computing (IC) Scenario

e The job is represented by a (finite or infinite) dag G-
— Each node of G represents a task.

— Arc (u — v) of G represents an intertask dependency:

—task v cannot be executed until its parent task u is.

— Task v is ELIGIBLE (to be executed) when all of its parents
have been executed.

—source (= parentless) tasks are ELIGIBLE immediately.



IC Quality/Optimality of a Schedule

The IC quality of a schedule for a dag:

—the rate of producing ELIGIBLE nodes — the larger, the better.

Schedule X is IC optimal:

—It maximizes the number of ELIGIBLE nodes for all steps t.
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How Important is IC Quality/Optimality?

f+ Roughly v/T' ELIGIBLE nodes at step T" 1}

|} Never more than 3 ELIGIBLE nodes |}
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2. Under idealized assumptions:

(a) optimal scheduling strategies for familiar classes of

dags:

e 2-D evolving meshes e (2-D) reduction-meshes

e (binary) reduction-trees e butterfly dags
computations:

e convolutions (FFT) e Discrete Laplace Transform
e matrix multiplication e numerical integration
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Progress Thus Far

1. A formal framework for studying scheduling for I1C

2. Under idealized assumptions:

(a) optimal scheduling strategies for familiar classes of dags and
computations

(b) a foundation for an algorithmic scheduling theory

(schedules “well-structured” dags optimally)

3. Initial—positive—simulation-based assessment of computational
Impact

4. Effective mechanisms for dealing with the heterogeneity of clients




An Initial Assessment of the Theory’s Impact
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A Makespan-Based Experiment

e Generate random dags that admit IC-optimal schedules.
e For each dag, generate 50 random arrival patterns of Clients.
e Compare Makespan of IC-optimal schedule against:

— the FIFO scheduler, which inserts new ELIGIBLE tasks on
a FIFO queue, ordered by out-degree

— the LIFO scheduler, which inserts new ELIGIBLE tasks on
a stack, ordered by out-degree

— the GREEDY scheduler, which inserts new ELIGIBLE tasks
on a MAX-priority queue, ordered by out-degree.

Task execution times distributed normally: mean= 1, std_dev= 0.1
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Mkspn-Based Ratios: Mks(heuristic) -

Mks(ICO)

Two different clique-based dags (cycle-based are similar):
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Toward a Decomposition-Based Scheduling Theory:
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1. Select a Set of “Building Block” Dags

Start with bipartite “building block” dags that we know how to
schedule optimally. A small sampler:

EXPANSIVE: \‘52'/ \‘52'/ \‘EE'/ REDUCTNE:/]\ M

‘ Edges represent upward arcs ‘

Theorem. Any schedule for these building blocks that executes
all sources sequentially is IC optimal.
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2. Establish “Priorities” among the Building Blocks

G, admits an |C-optimal schedule >4

h
Say that { G admits an |1C-optimal schedule ¥,

G{ > G means:

To execute both G, and G, the following schedule is |C optimal:

1. Follow > on G4 2. Follow X5 on Go

N N N N N N N N N
[ Ia "l Ve Wie Wi Wie Wie Wie W

The relation 1> is: e |transitive| e |easily tested|.




Complex Dags via “Composition”

Compose G with Go:

Merge/Identify some k sources of Go with some k sinks of G;.
The dag obtained is composite of type G1 ) Go.

Example: G1 1t G2 1 G3 (Composition is associative.)
777777 1”””""7‘:: —

7777777777777777777777777777

,,,,,,,,,,,,,,,,,,,,,,,,,,,,



Familiar Dags as Compositions of Building Blocks

g

i [0,0]

ffffffffffffffffff Ll N N




Why “Composition” and “Priority” Are Important

Theorem.

IF: e the dag G is composite of type G1 N Go -+ - 1 G,
e cach G, admits the IC-optimal schedule ;

e Gi1>Gy>---D>G,

THEN: the following schedule for G is IC optimal:

Execute G by executing each G, (using 35;) in I>-order.
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THEN: the following schedule for G is IC optimal:

Execute G by executing each G, (using 35;) in I>-order.
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e Parsing G into G1,...,G,
e Testing >-priorities

} are computationally efficient.



Why “Composition” and “Priority” Are Important

Theorem.

IF: e the dag G is composite of type G1 N Go -+ - 1 G,
e cach G, admits the IC-optimal schedule ;

e Gi1>Gy>---D>G,

THEN: the following schedule for G is IC optimal:

Execute G by executing each G, (using 35;) in I>-order.

N N N N N N N N N
[ Ia "l Vi Wie Wie Wie Wie Wie V]

EFFICIENT ALGORITHMS IMPLEMENT THIS THEOREM
ON A LARGE CLASS OF "WELL-STRUCTURED" DAGS




Clarification 1

Even if G, >G> - -I>G,,, the composition G can be very nonlinear:

@0 @U_ [0 Go_ o _[on _[mo) [
1 1 § ) ad
@éﬁ%l @‘\m o] mm
@/@ i@ oi1] EE/EgE i1

The building-block butterfly 5 has “self >-priority,” so that—
B>Br>B>B>B>B>B>B>B>B>B>B



Clarification 2

Composite dags that admit |C-optimal schedules can be very
nonuniform in structure:
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Clarification 3

We have other systematic ways of crafting |C-optimal schedules,
—but the “>>-priority chain” method has many benefits
—including “perturbability.”

N N N N N N N N N
[ Ia la Vi Wie Wi Wie Wie Wie Wi

IMPORTANT EXAMPLE.

The dual of dag G is the dag G obtained by reversing all of G's
arc-arrows.

Theorem (stated informally).

(a) If one “plays” an IC-optimal schedule > for dag G
“backwards,” then one obtains an |IC-optimal schedule for G.

(b) If G, > G, then Gy > G
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Clustering Tasks to Accommodate Heterogeneous Clients

CHALLENGE: Cluster in a way that preserves IC optimality




Two Ad Hoc Task-Clusterings (for intuition)

A Divide-and-Conquer Computation:




Two Ad Hoc Task-Clusterings (for intuition)

A Divide-and-Conquer Computation:

@@» &~

A Wavefront Computation:
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Toward Formal Task-Clusterings

A fattened task F' in dag G.

A self-contained set of nodes of G:

e Every node v € F' is ELIGIBLE — OR

e All of v's parents are also in F.

The residual dag Q<F) when F' is removed from G

LY
\/

WHEN G ADMITS AN IC-OPTIMAL SCHEDULE
WE WANT TO ENSURE THAT ¢¥) DOES, TOO
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The Direct Task-Clustering Strategy

One can view a schedule X for dag G as an injection

YNNG — {1,2,..., NG}

FOR A k-NODE FATTENED TASK F', CHOOSE
(1), 572), ., S R))

IF G ADMITS AN IC-OPTIMAL SCHEDULE
THEN GY) DOES ALSO

THIS WORKS FOR ANY k
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The Direct Task-Clustering Strategy—and Competitors

THE STORY IS NOT OVER!

Different 1C-optimal schedules lead to very different residual dags

- - -
RN
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The Direct Task-Clustering Strategy—and Competitors

THE STORY IS REALLY NOT OVER!

i f\\w R

) (B) ©

(A)  original dag G
F} is a 6-node fattened task via |C-optimal schedule

residual dag GV admits IC-optimal schedule
8 arcs “cut” | when removing F} from G

F5 is a 6-node fattened task — not via |C-optimal schedule
residual dag G\ admits IC-optimal schedule
6 arcs “cut” | when removing F; from G

“CUT ARCS” ARE RESULTS FROM CLIENT TO SERVER

—So direct task-clusterings need not minimize communication cost!
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Where Did the Competitors Come From?

Say that

e G is composite of type G1 1 Go It -+ - 1 G,

each G, admits an |C-optimal schedule
oG >G> D> G,

—so G admits an |C-optimal schedule.

Construct a fattened task by selecting any sequence of dags G;:

Gi,>Gi,>--->G; where 73 < 1p <---< i

such that

the set I of all sources of the selected {G;, le is self-contained.

THEN G'¥) ADMITS AN IC-OPTIMAL SCHEDULE.

THIS FOLLOWS FROM THE TRANSITIVITY OF .



Where Did the Competitors Come From?

Say that

e G is composite of type G 1 Go -+ 1 G,

each G; admits an |C-optimal schedule

o GiD>G> > G,

—so0 G admits an |C-optimal schedule.

Construct a fattened task by selecting any sequence of dags G;:

such that

the set I of all sources of the selected {G; };‘?:1 is self-contained.

THEN GY) ADMITS AN IC-OPTIMAL SCHEDULE.

THIS ALLOWS US TO OPTIMIZE OTHER CRITERIA ALSO,
E.G., COMMUNICATION
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Stronger, but More Limited Clustering

We have identified several large families of dags that are

universal donors:

For every fattened task F', G\*') admits an IC-optimal schedule.

SOME EXAMPLES:

i B

For such dags, we can focus on optimizing any criterion

—such as communication cost

because all fattened tasks lead to the same (optimal) IC quality.



