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Introduction

Å Scheduling Problem

ï Allocate a group of different tasks on resources 

ï NP-Complete (algorithm)

Å Description of Scheduling Environment

ïComputational GRID

ï Heterogeneous ïresources with different processing capacities

ï Public - resources can be used by multiple users

Å Objectives

ï Efficient planning 

ïMinimize the total execution time of the tasks on processors

ïUniform loading of computing resources

ï Successful completion of tasks

ÅDeadline restrictions

ÅResource requirements
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General Presentation of our research

Å Task scheduling: allocate an input set of tasks on the available resources

Å Real-time task scheduling

ï comply with deadlines

ï use monitoring information in the process of scheduling

Å General assumptions:

ï Heterogeneous environment

ÅTasksïdifferent execution times, memory required, deadlines

ÅResourcesïdifferent CPU power, memory, swap space

ï Independent tasks

ÅTasks do not access the same data

ÅMeta-task: a group of multiple independent tasks

ïExample: A group of image processing applications operating on 
different images

ï No multitasking

ÅEach node executes a single task at a time (Condor, PBS work in this 
way)
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Scheduling Model
Å Brokers

ïCollect user requests: the groups of tasks to be scheduled (input of the 
algorithm) 

ï Can be remote or on the same workstation with an Agent

Å Agents

ïRun the scheduling algorithm using monitoring information and the tasks 
from Brokers

ï Migration of the best current solution

ï Communication strategy: synchronous (similar computing resources) and 
asynchronous (different computing power on resources)
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System Anatomy

ÅUsers submit requests for task allocations

ÅSimultaneous requests from various workstations can be submitted

ÅObtain real-time information about the state of the Grid

Å Incorporate the monitoring information in the algorithm used for 

scheduling
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Functionality Aspects

ÅAgentôs Anatomy: two-layered structure:

ïCore : runs the scheduling algorithm

ïShell : provides information for the Core

Åthe Listener to Brokers - receives groups of tasks

Åthe Configuration Daemon - obtains up-to-date information about 

the state of execution resources

Å Input {

Task Description File,

Monitoring Information Stream

}

Å Output {

Task Schedule

}
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The Monitoring Framework: MonALISA

ÅDynamic, distributed service

ÅCollect any type of information from different systems

ÅAnalyze systems in near real time

ï=> perfect solution for dynamic scheduling

ÅProvide support for automated control decisions and 

global optimization of workflows in Grids

ÅDesigned as an ensemble of autonomous multi-threaded, 

self-describing agent-based subsystems.

ï=> perfect solution for decentralized scheduling

ÅAnalyze and process the information, in a distributed way, 

and to provide optimization decisions. 
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Functionality Aspects
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Execution Service

ÅExecution using PBS & ApMon Monitoring

command = "qsub - l nodes=" + p.getNodeName() + "  " + t.getPath();
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Genetic Algorithm

Representation of a 

chromosome

Vector of genes

Initialization Random mapping of tasks on the existing 

computational resources

Evaluation Fitness function based

Parents selection Roulette-wheel selection

Selection results The offspring replace the parents in the new 

population

Recombination Single-point crossover

Mutation Assignment of a task to another processor with 

adaptive probability

Specialization The crossover operation has the highest 

probability

Evaluation

Selection

Crossover

Mutation

Stop?

Evaluation

Scheduling solution

Initialization

Å Are usually applied in optimization of NP-Complete problems

Å Characteristics: { Not very fast, Heuristic approach to search 
large solution spaces }
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Chromosome Encoding

Å Gene representation:

ü tuple [Task, Processor]

Å Chromosome representation: 

ü vector of genes having a fixed length 

ü illustrates a possible mapping of the tasks on the existing processors

Å Population representation:

ü vector of fixed length representing the totality of chromosomes in a 
generation

1 2 3 4 5 6 7 8

[T2,P0] [T5,P2] [T0, P2] [T1, P1] [T3, P0] [T4, P1] [T7, P3] [T6, P1]
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Genetic Operators (1)

Å Crossover

ü type: single-point crossover

ü the processors are interchanged between genes in the same 

position of two different chromosomes

Parent 1 (1,2) (5,4) (4,2) (3,3) (6,2) (2,3)

Parent 2 (4,1) (6,3) (3,2) (1,1) (2,4) (5,2)

Offspring 1 (1,2) (5,4) (4,2) (3,1) (6,4) (2,2)

Offspring 2 (4,1) (6,3) (3,2) (1,3) (2,2) (5,3)

15.12.2009 Metode si Algoritmi de Planificare ïCurs 11



Universitatea Politehnica Bucureĸti - Facultatea de Automatica si Calculatoare

13

Genetic Operators (2)

ÅMutation

ïAlter a gene = assign a task on a different processor, randomly 

chosen

ïThe search space is enlarged to the vicinity of the current 

population => tendency to converge to a global rather than to a 

local optimum 

ïPursued with a certain probability (mutation rate) for each 

chromosome

ïAdaptive mutation:

Åthe mutation rate increases when the best solution for the 

population stagnates over a number of generations
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Genetic Operators (3)

Å Selection

ü roulette-wheel selection: each chromosome is assigned a survival 

probability according to its fitness contribution in the

total population fitness: prob(i) = F(i)/Ft

Ft = 1 + 0.33 + 0.66 å2
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Fitness Function (1)

The fitness function applied in our research is:

where:

Å n - the number of processors

Å ti - the total execution time for processor i.

Å tmïmin1<=i<=n { ti}

Å tMïmax1<=i<=n { ti}

Å Ts - denotes the number of tasks which satisfy deadline and computation 

resource requirements.

Å T - represents the total number of tasks in the current schedule
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Fitness Function (2)
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The factor converges to 1 when 

tm approaches tM, and the 

schedule is perfectly balanced.

Average utilization of processors.

In the ideal case, the total execution 

times on the processors are equal 

and equal to maxspan, which leads 

to a value of 1 for average 

processor 

utilization.

This factor acts like a 

contract  penalty on the 

fitness. Its value varies 

reaching 1 when all the

requirements are satisfied 

and decreases 

proportionally 

with each requirement 

that is not met.
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Scheduling Algorithm
1. Actively listens to the Brokers for new tasks and insert them sorted in 

the taskQueue ;

2. while (Not (( taskQueue.length >0 And current_waiting_time ==T) Or 

taskQueue.length >=L) ) do

2.1. Wait for new tasks to come;

Endwhile

3. curent length = min{ taskQueue.length , L);

4. if current length <  L then 

4.1. Fill chromosome with padding;

5. Interrogate the Grid Monitoring Service about the status of the 

processors in the Execution Group;

6. Initialize the GA algorithm;

7. while current step <= S do

7.1. if current step == S then

7.1.1. Determine the optimal individual(schedule);

7.1.2. Save the optimal schedule in the history file;

break;

Endif

7.2. Run the current step of the GA;

7.3. Exchange the fittest individuals in the current generations 

(computed on every Agent) and insert them in the next population;

Endwhile
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A fault tolerance model for Grid

Å Fault tolerant systems: systems which supply a set of 

services to their clients, according to a well defined contract, in 

spite of error presence, through detecting, correcting and 

eliminating errors, while the systems continues to supply an 

acceptable set of services.

Å Network errors

Å Timing errors

ÅResponse errors

ÅPhysical errors

Å Life cycle errors

Å Interaction errors

ÅByzantine errors
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Scheduling scenarios for DIOGENES
Å The batches of tasks to be allocated are received from remote sites 

from users by means of a portal.

Å The user requests for task allocation are sent to the computers that run 
the scheduling algorithm.

Å There are therefore some computers designated to receive user 
requests (brokers), and some different ones that run the scheduling 
algorithm and find the best schedule (agents). In this case, the brokers 
provide the input for our scheduling algorithm, but do not actually run it.
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Scheduling scenarios for DIOGENES

Å All the computers in the Scheduling Group run the scheduling 
algorithm and are open to user requests at the same time.

Å The execution of the algorithm is not limited to only a part of the 
computers in the Scheduling Group, and that means increased 
functionality for them.

Å This is a fault tolerant scenario that cover the most type of fault.
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Experimental Results

ÅExperimental cluster configured with 11 nodes

ÅThe size of the task sets used for testing ranged between 50 

and 100 tasks

Å Parameters for the genetic algorithm:

ïcrossover rate: 0.9

ïmutation rate: 0.005

ïchromosome length: 50
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Algorithm Convergence
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Execution time reduction
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Scalability and robustness
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Decentralization
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Decentralization

ÅDecentralized Cooperative Genetic Algorithm

ïParallel GA: multiple starting points, current best solutions exchange

ïSignificant improvement of the solution quality

ÅTotal processing time, significantly reduced, Load-balancing
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Estimate Times Versus

Real Execution Times
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Comparison of Various 

Scheduling Methods

Algorithm

Load-

balancing

Average

Processor

utilization

Maxspan (s)

First Come First Serve 0.754 0.64 421

Centralized GA 0.752 0.70 388

Decentralized Non-Cooperative GA 0.780 0.74 369.5

Decentralized Cooperative GA 0.940 0.86 317
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Comparison
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Algoritmul Genetic CentralizatAlgoritmul First Come First Served

Algoritmul Genetic 
Descentralizat Cooperativ 

Algoritmul Genetic 
Descentralizat  Necooperativ

Metode si Algoritmi de Planificare ïCurs 11



Universitatea Politehnica Bucureĸti - Facultatea de Automatica si Calculatoare

Case study: MedioGRID

Å Image analysis

ïimages are preprocessed 
(decoded, checked to meet the 
quality requirements, corrected 
geometrically and calibrated).

ïimages are classified according 
to their corresponding 
geographical area.

ïdistributed processing of images

Ånoise reduction,

Åextraction of the useful 
information

ÅExtract meteorological and 
environmental parameters 
corresponding to the state of the 
climate and of the terrestrial 
surface.
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Grid Image Processing in MedioGRID

Scheduling
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Functionality of sites in the MedioGRID System

ÅTwo scenarios:

ïa part of nodes from UTCN cluster are used both for scheduling 

and execution.

ïeach of the three main sites (UTCN, UPT, UPB) makes both task 

scheduling and task execution.
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System mapping on MedioGRID.

One scheduling site

ÅThe scheduling agents will run at a cluster level within the 

UTCN site, in this way the communication costs between them 

being reduced. This solution was considered to be the best one 

in terms of efficiency of scheduling, because UTCN is the main 

site in the MedioGRID.
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System mapping on MedioGRID.

More scheduling sites
ÅEach of the specified sites will 

contain workstations that 

represent not only execution 

stations, but also agents in the 

scheduling system. With this 

approach, the system will 

become reliable and scalable 

not only at cluster level, but 

also at a global level.

ÅWhen the nodes in a given 

cluster break down, the 

systems continues to perform 

task scheduling, with a small 

decrease in performance.
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