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Context



Distributed Computing Distributed Platform Network of entities. In a computing platform, each entity has one processor. Use case examples: data sharing, parallel computation.
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Context



Application Task A parallel application consists of a set of tasks.
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Application Task A parallel application consists of a set of tasks.
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Input and Output Each task processes data and produces a result.
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Context



Application Task A parallel application consists of a set of tasks.
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Input and Output Each task processes data and produces a result.



di
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Precedence Some tasks require the results of other tasks (the precedences are specified by a task graph).
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Context



Platform



Platform A parallel computing platform consists of a set of interconnected processors. Each tasks can be computed by one machine. The execution durations may be a function of the processor speeds and task costs. Communication durations are determined by the network capacity.
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Context



Scheduling Schedule Structure A schedule may be defined by (not inclusively): a mapping each task is assigned to a processor dates start and end times of each execution an order the order in which each task must be executed
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Scheduling Schedule Structure A schedule may be defined by (not inclusively): a mapping each task is assigned to a processor dates start and end times of each execution an order the order in which each task must be executed Scheduling Strategies offline scheduling decisions are taken before any computation online decisions are taken while the tasks are executed
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Context



Scheduling Schedule Structure A schedule may be defined by (not inclusively): a mapping each task is assigned to a processor dates start and end times of each execution an order the order in which each task must be executed Scheduling Strategies offline scheduling decisions are taken before any computation online decisions are taken while the tasks are executed Example of Criteria efficiency total duration of a schedule fairness for multiple users/organization C ANON
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Uncertainty



Object computation duration computation success result correctness
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Context



Uncertainty



Object computation duration computation success result correctness Consequence unpredictability of the performances failure of the schedule invalidity of the solution
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Context



Uncertainty Characteristics



Nature [Haimes, 2009] methodological limitation(s) of the method (e.g., model simplification) epistemic inaccessible knowledge (e.g., online task submission) aleatory stochastic variability (e.g., hardware fault)
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Uncertainty Characteristics



Nature [Haimes, 2009] methodological limitation(s) of the method (e.g., model simplification) epistemic inaccessible knowledge (e.g., online task submission) aleatory stochastic variability (e.g., hardware fault) Origin hardware software human
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computation success result correctness



epistemic



Criterion



Problem1



robustness



R|prec|Cmax



reliability



R|prec|Cmax



precision



R|online − P time − nclv | Ci



1 R. L. Graham, E. L. Lawler, J. K. Lenstra et A. H. G. Rinnooy Kan: Optimization and approximation in deterministic sequencing and scheduling : a survey. Annals of Discrete Mathematics, 5:287–326, 1979. C ANON
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Robustness



Outline 1



Context



2



Robustness Louis-Claude Canon and Emmanuel Jeannot, Evaluation and Optimization of the Robustness of DAG Schedules in Heterogeneous Environments, in IEEE TPDS 21(4), April 2010. Louis-Claude Canon and Emmanuel Jeannot, Scheduling Strategies for the Bicriteria Optimization of the Robustness and Makespan, in NIDISC 2008, Miami, Floride, April 2008. Louis-Claude Canon and Emmanuel Jeannot, A Comparison of Robustness Metrics for Scheduling DAGs on Heterogeneous Systems, in heteroPar’07, Austin, Texas, September 2007.
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Robustness



Application and Platform Models Application The parallel application is specified by a task graph.
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For each precedence constraint, data need to be transferred.
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Application and Platform Models Application The parallel application is specified by a task graph.
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Platform The parallel computing platform consists of a set of processors. Processors are unrelated: the duration of each task is specific to the executing processor. Each pair of machines is interconnected by a dedicated link. C ANON
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Robustness



Uncertainty Uncertainty on Computation Durations Evaluating analytically the duration of a computation is difficult because the application and the platform are complex (methodological uncertainty). Durations are random variables.
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Uncertainty Uncertainty on Computation Durations Evaluating analytically the duration of a computation is difficult because the application and the platform are complex (methodological uncertainty). Durations are random variables. Random Variables Each duration is represented by a set of values and probabilities.
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Each probability gives the likelihood that the corresponding duration occurs during a given execution. C ANON
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Robustness



Evaluation of the Efficiency Efficiency Efficiency is defined by the duration of the schedule execution (Cmax ). Evaluating this duration consists in evaluating a stochastic DAG.
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Evaluation of the Efficiency Efficiency Efficiency is defined by the duration of the schedule execution (Cmax ). Evaluating this duration consists in evaluating a stochastic DAG. Stochastic DAG Evaluation We prove the problem to be #P’Complete. #P’ is a generalization of counting problems (#P) for reliability evaluation problems [Bodlaender et al., 2004].
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Evaluation of the Efficiency Efficiency Efficiency is defined by the duration of the schedule execution (Cmax ). Evaluating this duration consists in evaluating a stochastic DAG. Stochastic DAG Evaluation We prove the problem to be #P’Complete. #P’ is a generalization of counting problems (#P) for reliability evaluation problems [Bodlaender et al., 2004].
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Remark on the Complexity Class Any #P’ problem based on a NP-Complete problem is #P’-Complete. However, this evaluation problem corresponds to a P problem. C ANON
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Robustness



Uncertainty-Related Criterion Robustness Capacity of a system to maintain its performances despite variations (criterion depending on an efficiency measure).
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Robustness



Uncertainty-Related Criterion Robustness Capacity of a system to maintain its performances despite variations (criterion depending on an efficiency measure). Robust Schedule Random variables model the variations in the inputs. A schedule is robust if its total duration remains stable despite the task durations variations.
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Related Work Robustness Measures [Wu et al., 1994] Same methodological approach as ours but with unavailabilities. [Ali et al., 2004] Method for defining a relevant robustness measure. [Shestak et al., 2006] Stochastic robustness metric and deterministic robustness metric. [Bölöni et al., 2002] Total slack and differential entropy.
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Related Work Robustness Measures [Wu et al., 1994] Same methodological approach as ours but with unavailabilities. [Ali et al., 2004] Method for defining a relevant robustness measure. [Shestak et al., 2006] Stochastic robustness metric and deterministic robustness metric. [Bölöni et al., 2002] Total slack and differential entropy. Optimization [Gao, 1995] Insertion of temporal protection. [Davenport et al., 2001] Insertion of temporal slack. [Fargier et al., 2003] Scheduling techniques using fuzzy logic. C ANON
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Robustness Measures



Many measures exist in the literature. For a robust schedule, we expect: a small standard deviation of the total duration a small differential entropy of the total duration a large expected slack (large temporal protection) values for the stochastic metrics close to 1 a lateness probability close to 0 a small 99th percentile of the total duration (almost equivalent to the expected value of the total duration)
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Empirical Comparison



Application layered task graph with 1000 tasks, 10% uncertainty, beta distribution Platform 50 processors (2.5 GFLPOS each) Schedules 5000 randomly generated
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Selected Measures Robustness Measure The standard deviation of the total duration is equivalent to the entropy of the total duration and one of the stochastic metrics.
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Selected Measures Robustness Measure The standard deviation of the total duration is equivalent to the entropy of the total duration and one of the stochastic metrics. Expected Value of the Slack Invalid measure of robustness (no correlation with other robustness measures).
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Selected Measures Robustness Measure The standard deviation of the total duration is equivalent to the entropy of the total duration and one of the stochastic metrics. Expected Value of the Slack Invalid measure of robustness (no correlation with other robustness measures). Multi-criteria Problem Correlation between expected value and standard deviation of the total duration. However, the efficiency and the robustness are not equivalent.
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Pareto Region Study Methods



5e−02 2e−02



Standard deviation



5e−03 2e−03



Multi-criteria evolutionary algorithm: we prove its convergence.
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Conclusion Several methods that estimate the Pareto-front. C ANON
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Reliability Anne Benoit, Louis-Claude Canon, Emmanuel Jeannot and Yves Robert. On the complexity of task graph scheduling with transient and fail-stop failures, submitted to Journal of Scheduling.
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Application and Platform Models Application The parallel application is specified by a task graph.
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Application and Platform Models Application The parallel application is specified by a task graph.
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Platform The parallel computing platform consists of a set of processors. Processors are unrelated: the duration of each task is specific to the executing processor. Immediate synchronizations occur on the network. C ANON
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Reliability



Reliability



Fault Model Uncertainty on Computation Successes Each machine may fail during the execution of a task with a non-zero probability (aleatory uncertainty).
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Fault Model Uncertainty on Computation Successes Each machine may fail during the execution of a task with a non-zero probability (aleatory uncertainty). Transient failures An execution fails but the processor recovers immediately. Example: arithmetic/software errors or recoverable hardware faults (power loss).
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Fault Model Uncertainty on Computation Successes Each machine may fail during the execution of a task with a non-zero probability (aleatory uncertainty). Transient failures An execution fails but the processor recovers immediately. Example: arithmetic/software errors or recoverable hardware faults (power loss). Fail-stop failures A processor dies until the end of the schedule (all remaining tasks fail). Example: hardware resource crashes, recovery of a loaned machine by a user during a cycle-stealing episode.
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Reliability



Scheduling with Replication General policy Each task can be scheduled after at least one replica of each of its predecessors is finished (if there is no failure).
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Scheduling with Replication General policy Each task can be scheduled after at least one replica of each of its predecessors is finished (if there is no failure).
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Strict policy A task must be scheduled after all the end times of the replicas of its predecessors. Also called replication for reliability scheme.
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Reliability



Uncertainty-Related Measure



Reliability The reliability of a static schedule is the probability that it terminates successfully. A schedule is successful if all tasks have at least one successful replica. The execution of any replica is successful if at least one replica for each of its predecessors are successfully executed and if the processor does not fail during the execution (or has not yet been subjected to a fail-stop failure).
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Reliability



Reliability



Related Work



Bi-criteria Scheduling [Dongarra et al., 2007] Scheduling without replication. [Jeannot et al., 2008] Scheduling without replication. [Girault et al., 2009] Strict scheduling with transient faults.
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Reliability



Reliability



Related Work



Bi-criteria Scheduling [Dongarra et al., 2007] Scheduling without replication. [Jeannot et al., 2008] Scheduling without replication. [Girault et al., 2009] Strict scheduling with transient faults. Reliability Block Diagram [Bream, 1995] Introduce a diagram-based technique for reliability evaluation. This problem is considered difficult (NP-Hard).
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Reliability Evaluation



Main Contribution We prove the general problem to be #P’-Complete.
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Reliability Evaluation



Main Contribution We prove the general problem to be #P’-Complete. Intuition of the Exponential Evaluation The problem can be solved by a exponential algorithm by considering each equiprobable scenarios. Then, the solution can be found by counting the number of scenarios that lead to a successful schedule.
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Monotonic Chain Case



Monotonicity Property A schedule of chains is monotonic if the success of any task on processor pj depends only on the successes of the first j processors.
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Monotonic Chain Case



Monotonicity Property A schedule of chains is monotonic if the success of any task on processor pj depends only on the successes of the first j processors. Evaluation Algorithm The reliability of a monotonic schedule π on a platform with fail-stop failures is rel(π) = Pr[Jnm ]. Pr[Ji1 ] = Pr[Ei1 ] Pr[J1j ] = Pr[J1 j−1 ] + (1 − Pr[J1 j−1 ]) Pr[E1j ] Pr[Jij ] = Pr[Ji j−1 ] + (Pr[Jρ(i,j)−1 j−1 ] − Pr[Ji j−1 ]) Pr[Eij ]



C ANON



Uncertainty in Scheduling



October 18, 2010



27 / 42



Reliability



Reliability



Summary T Transient F Fail-stop GT



GF



GFm



G General S Strict m monotonic



ST



SF



SFm



t triangular dark gray #P’-Complete light gray polynomial



∅



SFt



white open bleu significant contribution arrow reduction ≤m



C ANON



Uncertainty in Scheduling



October 18, 2010



28 / 42



Precision



Precision



Outline



1



Context



2



Robustness



3



Reliability



4



Precision Louis-Claude Canon, Emmanuel Jeannot and Jon Weissman, A Dynamic Approach for Characterizing Collusion in Desktop Grids, in IEEE IPDPS, Atlanta, Georgia, April 2010.
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Application and Platform Models Application The parallel application is specified by a set of independent tasks.
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Application and Platform Models Application The parallel application is specified by a set of independent tasks.
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Platform The parallel computing platform consists of a set of processors. Processors are unrelated: the duration of each task is specific to the executing processor. Machines are connected to a central server via Internet.
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Precision



Precision



Uncertainty Uncertainty on Result Correctness The results returned by each machine may be incorrects (epistemic uncertainty). 35% of SETI@home participants have given at least one incorrect result [Kondo et al., 2007]. These Byzantine faults are due to unreliability or malicious behaviors (for credit increase).
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Uncertainty Uncertainty on Result Correctness The results returned by each machine may be incorrects (epistemic uncertainty). 35% of SETI@home participants have given at least one incorrect result [Kondo et al., 2007]. These Byzantine faults are due to unreliability or malicious behaviors (for credit increase). Incorrectness Induces Redundancy Each task can be assigned to several machines. One of the received results must be selected as the final one by a certification mechanism.
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Threat Model Collusion Some machines produce the same incorrect result for a given task. Task1 Non-colluders Collusion
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Threat Model Collusion Some machines produce the same incorrect result for a given task. Task1 Non-colluders Collusion



Task2



No collusion Colluders



Colluding groups Machines can be partitioned into several groups: machines in the same group always return the same result for a given task. Collusion occurs with a given probability. There may be cooperation between distinct colluding groups. C ANON
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Characterization Problematic Objective Study the machine behaviors: estimate the probability that any pair of machines gives the same incorrect result for the same task. estimate the colluding groups composition.
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Characterization Problematic Objective Study the machine behaviors: estimate the probability that any pair of machines gives the same incorrect result for the same task. estimate the colluding groups composition. Inputs Chronological succession of events: < d, p, t, r > at time d, machine p finishes task t and returns result r . < d, t > at time d, task t finishes.
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Related Work



Scheduling [Zhao et al., 2005] quiz [Domingues et al., 2007] intermediate verifications [Silaghi et al., 2009] use a reputation system to detect colluders [Krings et al., 2005] a posteriori verification of results [Wong, 2005] no unreliability and verification of results
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Related Work



Scheduling [Zhao et al., 2005] quiz [Domingues et al., 2007] intermediate verifications [Silaghi et al., 2009] use a reputation system to detect colluders [Krings et al., 2005] a posteriori verification of results [Wong, 2005] no unreliability and verification of results Reputation System [Kamvar et al., 2003] EigenTrust algorithm [Jøsang, 1999] subjective logic that allows reaching consensus
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Interaction Model



Two Interaction Representations Interaction between machines i and j: collusion machines i and j collude together (collusion estimation cij ) agreement machines i and j agree together (agreement estimation aij )
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Two Interaction Representations Interaction between machines i and j: collusion machines i and j collude together (collusion estimation cij ) agreement machines i and j agree together (agreement estimation aij ) Relations aij ≤ 1 + 2 × cij − cii − cjj cij ≤



1+aij −a1i −a1j 2
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Algorithm Initially, each machine is in a singleton. Estimated groups are successively merged and split.
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Online Algorithm 1



Data structure Nodes correspond to sets of machines. Edges correspond to interaction characteristics (agreement here).
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Algorithm Initially, each machine is in a singleton. Estimated groups are successively merged and split.
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Convergence time time needed in order to achieve a desirable accuracy Stabilized accuracy accuracy achieved after a large number of events
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Future Directions



Defeat collusion using our proposed characterization system Develop online scheduling algorithm (relevant in case of high uncertainty) Explore other multi-criteria techniques (e.g., -constraint method) Propose tractable uncertainty models Design guaranteed algorithm



C ANON



Uncertainty in Scheduling



October 18, 2010



41 / 42



Conclusion



Questions



Thank you for your attention. Questions, comments, remarks, . . .
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Schedule Size Inputs Number of tasks: n Number of processors: m Duration of every possible executions (each tasks on each processors): wij Longest duration: W = maxij wij The size of the input is O(nm log(W )). Schedule providing Dates Largest date: O(nW ) (each task are scheduled on the slowest processor) With duplication, each task may be scheduled on each processor: there is O(nm) dates. A schedule requires O(nm log(nW )) space for encoding the dates. C ANON



Uncertainty in Scheduling



October 18, 2010



46 / 42



Conclusion



Stochastic DAG evaluation



Random variables type Discrete Non-discrete



C ANON



Chain regular domain normal, gamma, Erlang



Join all exponential, Weibull



Uncertainty in Scheduling



Seriesparallel regular domain none



October 18, 2010



47 / 42



























des documents recommandant







[image: alt]





Optimization Based Algorithms for Uncertainty 

Keywords: evidence theory, uncertainty propagation, optimization, non-independence ... increasingly recognized over the past few decades the need for accounting for ... Propagation of uncertainty within evidence theory through functions with ...










 


[image: alt]





Optimization Based Algorithms for Uncertainty 

The engineering community has increasingly recognized over the past few ... Measurement uncertainty for example can be treated as aleatory .... Note that in the case where p=1 (i.e. g is one-dimensional in the output ..... complexity of solving the o










 


[image: alt]





Social support, coping and subjective well-being in patients with 

social support receipt. J Pers Soc Psychol 1987;53:71â€“80. of depressed mood in rheumatoid arthritis. J Rheumatol. 1989;16:740â€“4. [27] De Witte LP, Tilli DJP, ...










 


[image: alt]





cities and catastrophes coping with emergency in ... AWS 

Emergency In European History Villes Et Catastrophes Reactions Face A LUrgence Dans LHistoire Europeenne. , just in case you didn't find your desired topic. This section is include the most relevant and correlated subject prior to your search. With a










 


[image: alt]





Stochastic Algorithms for Optimization and Application to ... - GRAppA 

start hill-climber, Tabu search, and evolutionary algorithm) on the job-shop- scheduling ... in a quite thorough or objective manner; second, comparisons between algorithms on a fair basis is not .... the decoder has more or less to work to be able t










 


[image: alt]





Stochastic Algorithms for Optimization and Application to ... - GRAppA 

Câ•ž : a machine can only perform one operation at a time. ... W hen using an indirect representation, the data structure is not a schedule of oc- cupation of the ...










 


[image: alt]





Model-Based Prognosis Algorithms with Uncertainty ... - Julien Marzat 

analysis, however they can be extended to other applications as well. ... they are highly-dependent on the quantity and quality of operational data and therefore.










 


[image: alt]





Machiavellianism and coping styles 

Succorance) or sex-specific. The different results for men and women were found in almost all previous studies. INTRODUCTION. Machiavellianism (Mach) is ...










 


[image: alt]





A Proactive Approach for Coping with Uncertain Resource 

GreedySlack. DAslack q qqqq q q q q qq q q q q q q qq qq q q q q q qq qq q q q q q q q q q q q q q q q q q q qq q qq q q q q qqq q qq q qq q qq q q q qq q q q q q.










 


[image: alt]





INSTITUT FEMTO-ST A Proactive Approach for Coping with 

assume that there exist predictions on the intervals during which machines are available. .... hours, which is much greater than the duration of common desktop grid jobs. ..... s â†� true. {Start with the slack memoization matrix}. 21: for all j âˆˆ 










 


[image: alt]





Dynamics and Uncertainty in Irrigation Management. - Christophe 

Crop growth simulation models integrated in a dynamic economic analysis of ... As a useful benchmark, we first consider the problem of an optimal irrigation ...










 


[image: alt]





Uncertainty Quantification for complex (computer) models and 

sample sizes, blocking, etc. highly ... Uncertainty Analysis (degree of confidence in data and models) .... Computational strategies for the medium case:.










 


[image: alt]





ParameciumDB in 2011: new tools and new data for functional 

Oct 14, 2010 - tools include BioMart for complex queries,. GBrowse2 for genome browsing, the Apollo genome editor for expert curation of gene models,.










 


[image: alt]





Coping with Copulas Contents 1 Introdcution 

Email: [email protected] ... The answer is easily found if the procedure is just that a dice is thrown twice and the outcome of the first throw is ...










 


[image: alt]





maxent principle for handling uncertainty with qualitative valu 

increase the degree of truth for which a hypothesis is definitely either confirmed ... of aggregation techniques include arithmetic averages, geometric averages, ...










 


[image: alt]





Deconfliction and Collision Avoidance Algorithms for Unmanned 

an environment map with large range but low resolution while the LAP uses a finer ... SIA. M. A. V co n feren ce a n d co m p etitio n. The distinctive feature of the ...










 


[image: alt]





Co-ordinated Planning Under Uncertainty with Air and Ground 

the vehicle when pointing straight down, so the ground station planning .... Using the law of total probability and an assumption that the target motion is ..... feasible, collision- and exposure-free path can be found using a standard graph search .










 


[image: alt]





Data Structures and Algorithms in Java .fr 

No part of this manual shall be reproduced, stored in a retrieval ... company, and is a best-selling writer in the field of computer programming. ... amounts of data, such a simple approach might be all you need. ... Arrows move up and down the tree,










 


[image: alt]





An Efficient Study of Scheduling Algorithms with Friedman Test in 

Dec 27, 2014 - The authors of [7] conducted a study on scheduling algorithms such as ... test is used in case you want to use the same sample of subjects or ...










 


[image: alt]





Planning Under Uncertainty for Mapping 

point depending on the data already recorded to optimize coverage and accuracy. ... a strategy â€“ for a robot equipped with a SLAM algorithm in an unknown environment. The aim is to obtain a policy which trades .... The evaluation method.










 


[image: alt]





Admission Control with Online Algorithms in SDN - Jeremie Leguay 

Mathematical and Algorithmic Science Lab, France Research Center. Huawei Technologies ... thorough review of online algorithms proposed in the operation research literature and ..... method: a meta-algorithm and applications.â€� Theory of ...










 


[image: alt]





Queuing analysis and algorithms 

These mechanisms aim at simplifying the network management, at reducing ... introduced into the LTE-Advanced technology, such as the enhancement of ... 2) Based on the previous controller and a queuing theory result, we introduce a set of parametrize










 


[image: alt]





Advanced data, signal and image processing tools for biomedical and 

Time representation f(t), Fourier Transform and Fourier representation .... Main question: Has something changed during and some medical ... Advantages: Well-known and understood, fast ... Semi-Parametric: Î½k = kÎ½0,Î½0 = 1/T,K = T âˆ’â†’ DFT.










 


[image: alt]





Uncertainty propagation and sensitivity analysis in mechanical models 

Evelyne Donnizaux, English teacher in Abbeville (France). ...... tially investigate the tails of the response PDF by computing the probability of exceeding a pre- ...... respect to a prescribed failure criterion by accounting for uncertainties arisin










 














×
Report Tools and Algorithms for Coping with Uncertainty in Application





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Signe






Email




Mot de passe







 Se souvenir de moi

Vous avez oublié votre mot de passe?




Signe




 Connexion avec Facebook












 

Information

	A propos de nous
	Règles de confidentialité
	TERMES ET CONDITIONS
	AIDE
	DROIT D'AUTEUR
	CONTACT
	Cookie Policy





Droit d'auteur © 2024 P.PDFHALL.COM. Tous droits réservés.








MON COMPTE



	
Ajouter le document

	
de gestion des documents

	
Ajouter le document

	
Signe









BULLETIN



















Follow us

	

Facebook


	

Twitter



















Our partners will collect data and use cookies for ad personalization and measurement. Learn how we and our ad partner Google, collect and use data. Agree & Close



