INTELLIGENT PROCESS MAPPING THROUGH SYSTEMATIC IMPROVEM ENT OF HEURISTICS

Arthur Ieumwananonthachai, AkikoN.Aizawa,StevenR.Schwartz, BenjaminW.Wah, and Jerry C. Yan

ABSTRACT

In this paper, we present the design of a system for automatically learning and evaluating new heuristic methods that can be used to map a set of communicating processes on a network of computers. Our learning system is based on testing a population of competing heuristic methods within a fixed time constraint. We develop and analyze various resource scheduling strategies based on a statistical model that trades between the number of new heuristic methods considered and the amount of testing performed on each. We implement a prototype learning system (TEACHER 4.1) for learning new heuristic methods used in Post-Game Analysis, a system that iteratively generates and refines mappings of a set of communicating processes on a network of computers. Our performance results show that a significant improvement can be obtained by a systematic exploration of the space of possible heuristic methods.

KEYWORDS AND PHRASES . Distributed computing system, generate-and-test, heuristics, knowledge-lean application domains, loosely coupled computers, process mapping, sequential selection, time constraint.

hhhhhhhhhhhhhhh Arthur Ieumwananonthachai and Benjamin W. Wah (contact author, wah@aquinas.csl.uiuc.edu) are with Center for Reliable and High-Performance Computing, Coordinated Science Laboratory, University of Illinois at Urbana-Champaign, 1101 West Springfield Avenue, Urbana, IL 61801. A. N. Aizawa is a researcher at the University of Illinois, Urbana-Champaign, on leave from National Center for Science Information System, Tokyo, Japan. Steven R. Schwartz is with Motorola, Inc., MS IL27-G79, 1501 West Shure Drive, Arlington Heights, IL 60004. Jerry C. Yan is with Sterling Federal Systems, Inc. and can be reached at MS269-3, NASA Ames Research Center, Moffett Field, CA 94035.

This research was supported in part by National Aeronautics and Space Administration Grant NCC 2-481 and NGT 50743 (NASA Graduate Fellowship Program) and in part by National Science Foundation Grant MIP 88-10584.

- 2 -

1. INTRODUCTION

To meet the resource constraints and processing requirements of real-time computing systems, efficient scheduling of resources is necessary. Process mapping is an important element in real-time systems whose resources are limited and whose applications often have somewhat predictable behavior. The problem is NP-hard, and optimal mapping algorithms generally require an exponential amount of time and/or space. Heuristic methods have been applied, but their design is usually ad hoc, and their performance relies strongly on the characteristics of the target problem and the experience of the designers. Due to the nature of this problem, the number of possible heuristic methods is very large; as a result, some of these are likely to be better than the ones proposed by the experts.

Our goal in this paper is to develop a statistical method for exploring systematically the space of possible heuristics under specified time constraints. Our method intends to get the best heuristic method based on a tradeoff between its solution quality and its execution time. Learning of heuristics has been explored in our earlier work in the TEACHER 1.0 system [22], which learned dominance relations, TEACHER 2.0 system [12], which learned heuristics for selection in combinatorial search, TEACHER 3.0 [17], which learned the design of network configurations for artificial neural networks trained under a back-error propagation algorithm, and TEACHER 4.0 [18], which studied the scheduling of a learning-by-example paradigm under resource constraints.

Our focus in this paper is on mapping a set of communicating processes on a network of loosely coupled computers, with an objective of minimizing the completion time of the processes mapped. In our work, we assume that a process cannot be partitioned at run time, that the mapping is static, that a process is not replicated for execution on multiple computers, that the system is dedicated for one application at a time, and that the processing behavior of the application can be reproduced easily at design time. This last assumption is relaxed from the assumption that the processing requirements of the application are deterministic and known exactly at design time.

The post-game analysis system developed by Yan and Lundstrom [19-21] is one method that successfully deals with this problem. Given a set of communicating processes and a set of input data, the system incrementally modifies the mappings of processes using information collected in previous runs. Based on a set of heuristic decision rules (called heuristic decision elements), the post-game system follows three steps: 1) it formulates multiple optimization subgoals, based on timing data gathered from program execution, 2) it proposes new mappings, and 3) it prioritizes and resolves conflicting proposals. The main advantage of this system is that the target application is simulated and its mapping incrementally improved, without relying

- 3 -

on any abstract program model or any particular objective function. Previous studies show that post-game analysis can consistently out-perform random placement, dynamic load balancing, and clustering algorithms by as much as 15 percent in process completion times.

The heuristic decision elements used in post-game analysis are developed by designers based on previous experience on designing similar algorithms. They do not adapt to different computing conditions, such as hardware configuration, average workload per processor, and mix of computation and communication of processes. As a result, it is possible to improve the performance of these heuristic methods, especially when the methods are applied in situations different from those that they were designed for. In this paper, we develop a learning framework for systematically generating and testing new heuristic methods used in post-game analysis for proposing new mappings. As there are infinitely many possible heuristic methods and time is always limited, our learning system evaluates an appropriate number of heuristic methods within a fixed time constraint.

Since the relationship between actions carried out by a heuristic method and the performance of the resulting mapping found is unknown without actual simulations, and there is little domain knowledge available for generating good mapping heuristics, our system must emphasize on how to schedule the limited time in order to explore the maximum set of potentially good heuristic methods. Our system evaluates each heuristic method on a sequence of test cases that reflect realistic conditions of the mapping problem. We develop scheduling algorithms that trades between the number of new heuristic methods to be generated and the amount of tests to be performed on each. We analyze our model statistically for the case where each heuristic method has performance values that are normally distributed. We develop a method for obtaining a near optimal tradeoff for the special case where the average performance values of all heuristic method are normally distributed.

In the following section we survey the existing work on process mapping. In Section 3, we present an overview of the TEACHER 4.0 framework. Section 4 contains implementation details of TEACHER 4.1, our extension to learning heuristics for post-game analysis. The model of our statistical sequential selection strategy for evaluating heuristic methods is covered in detail in Section 5. Experimental results are presented in Section 6, and conclusions are drawn in Section 7.

2. PROCESS MAPPING PROBLEM

The problem of finding good mappings for a set of communicating processes on a network of computers has been addressed in numerous previous studies. Most studies attempt to find a mapping that provides the minimum completion time. Previous work can be classified into

- 4 -

static and dynamic approaches. In this section we outline these studies along with their drawbacks. We then present the post-game analysis method that was designed to address many of these problems. Finally, we present some possible extensions for improving the system performance.

Static strategies are applied at design time and are usually deterministic. They can be further classified based on their analysis methods. Cost-based methods use simplistic objective functions to evaluate merit while graph-based methods use graph-theoretical models and techniques. The problems with these approaches are that their abstract models are simplified and do not result in the optimal solution, and that the deterministic optimization problems they model are NP-hard.

Dynamic strategies are non-deterministic run-time strategies based on information gathered dynamically. This information is likely to be incomplete and out-of-date due to the overhead of collecting it. Load sharing, load balancing, bidding protocols, and Bayesian decision theory are examples of this approach. Results developed are usually restricted to independent jobs. This is in part due to the difficulty in finding analytic models on the behavior of interacting processes. The relationship among the computation time of the processes, the time spent in waiting for messages from other processes (or waiting time, depending on the routing strategy), and the time spent waiting for the processor to become available (or contention time, depending on the processor scheduling strategy) are too complex to be accurately predicted and examined in advance. Consequently, dynamic strategies use simplified objectives and computation models. These models often ignore either the waiting or the contention times, and the workload on a computer is characterized simply by the number of active processes.

Post-game analysis solves some of the problems mentioned above. It tries to find the best mapping while using the minimum amount of resources. Initially, the processes are executed on the target machine using a random mapping. The method then iteratively refines the current process mappings using information collected in between program executions. Proposalgeneration heuristic decision elements, which represent independent optimization subgoals, use the information collected during the execution to propose perturbations to the mapping. The resulting proposals are only partial descriptions of the necessary transformation. These proposals are then combined based on priority-assessment, transformation-generation, and feasibility heuristic decision elements to develop the actual transformation. The program is then executed (or simulated) using the new mapping. The entire process is repeated until no new changes are proposed by the heuristic method. One significant advantage of post-game analysis over earlier work on process mapping is that it does not assume any model of the processes and the computer architecture.

- 5 -

Moves

Accepted

New Mapping

List of

Proposals

Alternative

Statistics

Performance

Target Multiprocessors onProcesses Execution

Proposal-Generation

Heuristics

Priority-assessment

Mapping Generator

Update

Prioritized Sites &Objects

Generation

Transformation

Feasible move

Figure 2.1 Post-Game Analysis Framework hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

Figure 2.1 shows the post-game analysis system. The system is built on AXE, a simulation package that aids in collecting statistics during simulation and in experimentation with different machine architectures.

Post-game analysis is designed for ensemble architectures consisting of homogeneous and regularly connected processing elements (or sites), such as hypercube multi-computers and distributed systems connected by local area networks. Each processing element has its own processor, a local memory large enough to hold any number of processes, and an operating system that sends, receives, and routes all messages.

Each distributed program is represented as a collection of autonomous processes created at compile-time or at run-time. There is no shared data, and all communication must be done via message passing. This software model includes programs implementing divide-and-conquer strategies (such as quick-sort and merge-sort), blackboard-solving paradigms (such as speech recognition), and pipelining (such as image processing).

The key to improving the performance of post-game analysis lies in the development of heuristic methods that can assess the improvement achieved and the transformations to be taken

- 6 -

next. Currently, the designer must supply heuristic decision elements for proposing and evaluating mapping decisions. In this paper, we present and evaluate an automated system for learning new heuristic methods used in post-game analysis. In addition to the possibility of generating better mappings using the heuristic methods learned, the new heuristic methods may better adapt to new architectural configurations, specific application characteristics, and different mix between communication and computation. In the following sections, we describe this population-based learning framework.

3. HEURISTICS LEARNING

Our goal in heuristics learning is to find a heuristic method that maximizes the performance of the mappings generated by post-game analysis, where a heuristic method in this context is a collection of heuristic decision elements used in post-game analysis. This problem can be expressed as a search through the space of possible heuristic methods, which can be characterized by an objective to be optimized and a set of constraints to be satisfied. For this problem, the objective is ill-defined because the tradeoff between the quality of the mapping found and the time spent to find that mapping is not well-defined. In addition, time is limited, so the learning process must be terminated when time is expended.

Due to the size of the space of heuristic methods and the amount of time required for a full evaluation of a heuristic method, it is impractical to find by enumeration the best heuristic method for all possible objectives, even using high-speed computers. For example, each threshold in post-game heuristic method is a real number and can be represented by any one of the infinitely many possible values. It is also hard to have experts provide knowledge for generating good heuristic methods because parameters that affect the performance of heuristic methods might be inter-dependent in a way unknown even to the experts. However, the two approaches can be combined by using expert knowledge to guide the search for better heuristic methods, and by utilizing high-speed computers to perform computation-intensive experiments. This approach, called population-based learning, is studied in this paper.

There have been many systems developed for automated learning of new heuristic methods. In the following sections we first present issues important in developing a heuristics learning system. We then review previous works on heuristics learning, and the overall framework of our learning system.

3.1. Issues on Heuristic Learning

There are four important issues involved in heuristics learning. First, the method for performance evaluation of heuristics must be defined. This involves a) comparing heuristic methods based on performance of these methods measured over test cases, and b) verifying the

- 7 -

quality of the heuristic methods selected by the learning system. One major difficulty in performance comparison is that there is no well defined relationship among the various performance attributes, such as cost and quality. Consequently, it is difficult to define what should be learned by the learning system, and how to show that one method is better than another. The latter involves normalization of performance values, an area where there are no systematic methods.

Second, techniques for generating test cases must be studied. The test cases used must be representative of the target application domain, and the performance collected based on these test cases must reflect the performance of the heuristic method on the target application.

Third, meta-knowledge for generating new heuristic methods must be developed in the learning system. The existing generation methods can be classified as model-based and modelfree. Model based heuristics-generation methods use a model relating the attributes of the heuristic method to its performance in generating new heuristic methods. On the other hand, model-free methods generate new heuristics based on predefined general knowledge and do not depend on the model of the target application. An example of such is a random perturbation of existing methods. Due to less domain knowledge involved, model-free methods are more general but may take longer to find good heuristics.

Last, issue on scheduling the available resources in the learning system must be addressed. This involves deciding on the number of heuristic methods to test and the amount of tests performed on each. This issue is important because the number of heuristic methods is too large to be evaluated fully within any reasonable time constraint.

Solutions to the first three issues with respect to learning post-game heuristics are presented in Section 4; solutions to the last issue are described in Section 5.

3.2. Point-Based Versus Population-Based Learning

The many different approaches that have been developed for learning heuristics can be classified into point-based and population-based approaches [13,18]. Most existing learning systems are point-based and maintains one incumbent heuristic method that is modified in place by the learning system. Since old heuristic methods are discarded, substantial knowledge is required in justifying any change to the heuristic method. As a result, an explicit model of the problem solver that describes the relationship between the heuristic method’s specification and the problem solver’s performance must exist. Further, since only one incumbent heuristic method is maintained and modified, there is no need for explicit resource scheduling.

For the mapping problem considered in this paper, the relationship between the heuristic method’s specification and the performance of the target problem solver is unknown. Hence,

- 8 -

there is little domain knowledge available for guiding the generation of new heuristic methods, and existing point-based techniques are inappropriate.

The alternative is a population-based approach that maintains a pool of competing heuristic methods and tries to find the best heuristic method within the pool. Since multiple heuristic methods are kept concurrently, and learning is interleaved among different methods, this approach is more suitable when only model-free heuristics generation mechanisms are available, or when model-free and model-based mechanisms are used together. Further, this approach is natural to be implemented in a parallel processing environment, where several heuristic methods are evaluated concurrently. One of the key issues that need to be addressed in this approach is the scheduling of resources, which decides which heuristic methods to be evaluated next and when to generate new heuristic methods. This is in contrast to point-based methods where resource scheduling is usually implicit.

One existing example of population-based learning is the classifier system based on genetic approach [5,6]. This maintains a pool of heuristic methods and creates new ones from existing ones that perform well in the past, while pruning inferior ones from the pool. One limitation of this approach is that it does not take advantage of the domain knowledge available in generating new heuristic methods. In addition, resource (in terms of time) is scheduled statically, and does not use intermediate performance results to decide whether testing of a particular heuristic method should be continued.

To apply population-based learning while considering resource constraints, we present in the next section the design of TEACHER 4.0, a system implementing resource-constrained population-based and point-based learning. In Section 4, we present the design of TEACHER 4.1, a system for learning new heuristic methods used in post-game analysis.

3.3. TEACHER 4.0 Framework

The TEACHER 4.0 (or Techniques for Automated Creation of HEuRistics version 4.0) learning model [18] (see Figure 3.1) is a general framework for implementing population-based learning systems under resource constraints in both knowledge-lean and knowledge-rich domains. It has six main components: a) Target Problem Solver, which evaluates the heuristic method using a test case, b) Performance Database Manager, which maintains the past performance of heuristic methods in the pool, c) Internal Critic, which provides feedback based on the performance measured to indicate how well a particular heuristic method has performed, d) Resource Scheduler, which decides on the best way to use the available resources, e) Heuristics Database Manager and Generator, which generates new heuristic methods and maintains a pool of existing ones, and f) Test-Case Manager which generates and maintains the database of

- 9 -

HEURISTICS

DATABASE &

GENERATOR

RESOURCE

SCHEDULER

PROBLEM

SOLVER

PERFORMANCE

DATABASE

APPLICATION

ENVIRONMENT

INTERNAL

CRITIC

MANAGER

TEST-CASE

CONSTRAINTS

Figure 3.1. TEACHER 4.0 Framework. hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

test cases used in heuristics evaluation.

If domain knowledge is plentiful, then the Heuristics Generator plays an important role, and resource scheduling is less critical. In contrast, in knowledge-lean domains, the Heuristics Generator is relatively primitive, and resource scheduling that decides which heuristic methods to test and the amount of tests performed is more important. Such is the case in the process mapping problem addressed here. The focus in this paper is, therefore, placed on developing efficient resource scheduling algorithms.

To avoid spending a large amount of time on poor heuristic methods, the evaluation process is divided into small sub-tests called quanta. This allows the system to perform additional tests only on heuristic methods that demonstrate some merits during previous quanta. In each quantum, the Target Problem Solver evaluates the selected heuristic method using test cases provided by the Test-Case Manager. These test cases can be generated randomly or supplied by the users.

There are two type of test cases that can be used. First, we can choose relatively small test cases so that they can be evaluated fully within the quantum. The alternative is to use test cases dictated by the application requirements to thoroughly test the heuristic methods. The advantage of the latter approach is that the heuristic method is tested under more realistic conditions; however, its drawback is that if the evaluation of the test case is not completed at the end of the

- 10 -

assigned quantum, it is difficult to assess which heuristic methods to test next. In the process mapping problem, performance of heuristic methods scales well (to a limited extent) between small and large test cases. Therefore, we opt to test the heuristic methods selected using small test cases and verify the performance of the final method selected after learning is completed.

At the end of a quantum, the Resource Scheduler decides on one of the three following actions: 1) select the next heuristic method to evaluate from the pool, 2) generate a new heuristic method to be placed in the pool and possibly remove an existing one from the pool, and 3) select a group of the best heuristic methods and stop learning when time is expended. The decision to take is based on the resource scheduling algorithm and the performance of existing heuristic methods in the pool.

If choice (1) or (3) is selected, then the resource scheduler will use the feedbacks provided by the Internal Critic to select the heuristic method(s) from the Heuristics Database. If choice (2) is selected, then the Heuristics Generator is used to generate a new heuristic method. In knowledge-lean application domains, mechanisms for generating new heuristic methods are rather simple. Examples include simple strategies, such as random or greedy, and genetic operators, such as crossover and mutation.

4. LEARNING HEURISTICS FOR POST-GAME ANALYSIS

In this section, we present the implementation of TEACHER 4.1 for learning new heuristic methods in post-game analysis. We describe our solutions to three of the four issues discussed in Section 3.1. First, we describe the type of post-game heuristic decision elements that we want our system to learn. Next, we discuss the techniques for evaluating the performance of heuristic methods during learning as well as after learning. We then discuss briefly the method for generating test cases in our experiments and the structure of the Heuristics Generator. We cover resource scheduling in more details in the next section.

4.1. Post-Game Heuristics

In our learning system, the post-game analysis system [20] is the problem solver for the target application. The problem solver can be considered as a collection of rules or procedures, whose operations are controlled by a set of parameters. A heuristic method is defined when the rules or procedures as well as their control parameters are specified. Recall that rules or procedures used in the problem solver are called heuristic decision elements.

There are three parts in the post-game analysis system that can be improved by learning: proposal generation, priority assessment, and transformation generation (see Figure 2.1).

- 11 -

The proposal-generation component consists of a collection of heuristic decision elements used for generating proposals based on independent optimization subgoals. Each proposalgeneration heuristic decision element can be represented as a record composing of four fields: a) the reason field that specifies the motivation behind the decision element; b) the quantifier field that specifies the scope of the decision element; c) the condition field that specifies the condition in which proposals are generated; and d) the action list that specifies the proposals to be generated. Each action is a record containing the action type, parameters for the proposal, and an expression specifying the weight of the proposal. In generating a new proposal, each heuristic decision element is applied according to its quantifier field. The condition expression of each decision element is then evaluated for each subject specified by the quantifier. When the evaluation of an expression returns a non-zero value, each action in the action list is executed to generate a proposal and its corresponding weight.

There are two priority-assessment heuristics decision elements, each of which can be represented by an expression. One of these specifies the priority of each process, and the other specifies the priority of each site. The two expressions are used for comparing two processes or two sites in order to determine their relative importance. The partial orders obtained are used to determine the order in which moves are considered.

The transformation-generation component determines the transformation that will be applied to perturb the current mapping of the processes. It consists of two types of heuristics: the transformation-generation heuristic decision element that generates possible transformations from the ordered lists of sites and processes, and the feasibility heuristic decision elements for checking the feasibility of a move generated by the transformation-generation heuristics. For the transformation-generation heuristic decision elements, there are currently two types of moves that can be generated: migration [20] that migrates the top-order process to the top-order site, and swap [21] that swaps the locations of the two top-order processes. For the feasibility heuristic decision elements, there are two different sets, each of which can be represented as a collection of expressions stating the condition in which the transformation would be infeasible. For each transformation considered by post-game analysis, an expression in the collection corresponding to the type of transformation is evaluated. If any expression returns a non-zero value, then the corresponding transformation is rejected.

To apply learning, we have modified the post-game analysis system so that all the heuristic decision elements are represented as data structures readable in the form a data file.

- 12 -

4.2. Internal Critic

The objective of the Internal Critic is to evaluate how well the problem solver have performed using the given heuristic method. For our target application, the performance of postgame heuristic method h on test case v consists of two measurements: c(h,v), the cost or the amount of time needed to find the mapping, and q(h,v), the quality of the mapping found, where q(h,v) is the reciprocal of m(h,v), the completion time of the given set of processes mapped.

There are two problems with using the quality and cost measures to evaluate the performance of heuristic methods. First, the values of these measures are test-case dependent and can vary widely. This makes it difficult to compare the performance of heuristic methods that are evaluated on different test cases. Hence, these values need to be normalized so that they are consistent across the entire range of test cases. In this case, since the goal is to find a heuristic method that performs better than the one used in the original system, we can use the performance of the original heuristic method [21] as the basis for normalization. c_n(h,v), the normalized mapping cost, and m_n(h,v), the normalized completion time of the processes mapped, can be computed using the following equations.

c_n(h,v) =

c(h,v)+c_{orig}(v) c(h,v) hhhhhhhhhhhhhh , (4.1a)

m_n(h,v) = m(h,v)+m_{orig}(v) m(h,v) hhhhhhhhhhhhhhh , (4.1b)

where m_{orig}(v) and c_{orig}(v) are, respectively, the completion time and the cost of the original post-game heuristic method on test case v. Note that the normalized values are always between 0 and 1, and that the original post-game heuristic method has a normalized cost and completion time of 0.5. The normalized quality of the mapping, q_n(h,v), is defined as the reciprocal of m_n(h,v).

q_n(h,v) = m(h,v) m(h,v)+m_{orig}(v) hhhhhhhhhhhhhhh (4.1c)

The second problem is that the proper tradeoff between quality and cost measures is illdefined: the quality of the mapping generally improves as more time is spent on finding the mapping. However, only the following unrealistic boundary cases are known: a) unlimited time for the heuristic method that finds the best mapping, b) zero time for the heuristic method and hence zero cost. In this paper, we assume that the tradeoff is defined by a family of heuristic functions of quality and cost, which are used by the Internal Critic to distinguish between heuristic methods that perform well from those that do not. A family of functions are used

- 13 -

because a single function is inadequate in capturing all the different levels of tradeoffs in different applications. We assume that the family of functions is parametrized by T_{scale} and are represented as follows.

Q(T_{scale}) =_hmax

vS_{0.5 + Tscale}c_n(h,v)- 0.5

hhhhhhhhhhh q_n(h,v) hhhhhhhhhhhhhhhhh. (4.2)

The parameter T_{scale} controls the relative weight between cost and quality by adjusting the range of the normalized cost while maintaining the cost of the original heuristic method at 0.5. The effect of Eq. 4.2 is to scale c_n(h,v) so that it is possible to investigate alternatives where cost is dominant, or where performance is dominant, or both. Note that Eq. 4.2 is not unique, and our choice is heuristic in nature.

Unfortunately, the performance of each heuristic method can vary widely even when evaluated on the same test case but with different initial mappings. Therefore, each test case must be evaluated over a number of initial random mappings until a given confidence level has been reached. In practice, there is usually a limit on the number (say 30) of initial mappings that can be used for evaluating a test case. For each initial mapping, the performance is computed using Eq’s 4.1 and 4.2. The evaluative feedback of a heuristic method on a test case is then the average of its performance over the set of initial mappings.

4.3. Performance Evaluation of Heuristics

In the section, we describe methods for evaluating the performance of the heuristic method selected by the learning system. This involves determining the statistical distribution of performance of the heuristic method selected on test cases similar to those used in the learning system, and finding the scalability and generality of the heuristic method on larger test cases and test cases drawn from different application problems.

In order to compare the performance of one heuristic method to that of another, it is not enough to use the average performance values, as the average performance conveys no information about the distribution of performance values. Further, post-learning evaluation of performance should not be compared using Q(T_{scale}) defined in Eq. 4.2 because Q(T_{scale}) is heuristic and may not capture the proper tradeoff between cost and quality. To show simultaneously the cost and quality of different heuristic methods, we need to show the quality of the heuristic method for each test case against its cost for the same test case. This allows the relationship between cost and quality to be depicted without predefining a heuristic performance function. Such plots are shown in Section 6.3.

- 14 -

A problem in showing the relationship between cost and quality of different heuristic methods evaluated on different sets of test cases is that their values may not be in the same range. Hence, all quality and cost values must be normalized. To give consistent basis for comparing performance values, we choose to normalize them against the average quality and cost of the original post-game heuristic methods. That is, the normalized quality and cost are

ĉ_n(h,v) =

E[c_{orig}(v)] c(h,v) hhhhhhhhhh (4.3a)

m̂_n(h,v) = E[m_{orig}(v)] m(h,v) hhhhhhhhhh (4.3b)

q̂_n(h,v) = m(h,v)

E[m_{orig}(v)] hhhhhhhhhh (4.3c)

where E[m_{orig}(v)] and E[c_{orig}(v)] are the average completion time and the cost of the original post-game heuristic method on test case v. Note that this normalization is meaningful only if the expected value is found for test cases belonging to a set with a common distribution of performance values.

4.4. Test-Case Generation

The Test-Case Manager of TEACHER 4.1 is used to generate a set of test cases that are representative of the problem domain and the hardware environment and that can be evaluated within a reasonable amount of time during learning.

A test case in this case is represented by the specification of the set of communicating processes to be mapped, the hardware on which the processes are mapped, and the input values to the processes. An example of a test case is a merge-sort program on a 16-node hypercube machine evaluated with a data set of size 300. The same program running on different machine architectures or with different sizes of array to be sorted is considered to be a different test case. Programs using different algorithms, such as merge-sort and quick-sort, are considered different test cases as well.

In the analysis carried out in this paper, we assume that the quality and cost values of test cases are drawn from a common joint distribution. In reality, the cost and quality values of a test case are application dependent and cannot be controlled. In our learning experiments, we tried to select test cases so that their quality and cost values satisfied the assumptions made in our analysis. In particular, we chose test cases that had a constant number of processes to be mapped on a given architectural configuration, processes that had the same communication pattern, and execution times of each code segment drawn from a common distribution.

- 15 -

Moreover, we assume that small test cases are used, and the verification of scalability of the heuristic method learned is carried out in a post-learning phase. Of course, the attribute we use to distinguish test cases in one set from those of another set is rather ad hoc. We plan to study in the future the problems of using test cases of different types and the normalization of performance results of these test cases during learning.

4.5. Generation of Post-Game Heuristics

The generation of new post-game heuristics is difficult. First, a heuristic method has both numeric and symbolic parts, and the symbolic part is more difficult to modify automatically. Further, it requires substantial amount of domain knowledge in order to invent new heuristic decision elements that are missing in the current heuristic method. In this paper, we only consider automated generation methods that start with an initial pool of heuristic methods and transform them into new ones by a few well-defined operators.

To develop the Heuristics Generator, we must first identify its desirable characteristics. The learning process can be modeled as a search within the heuristics space; the operators used by the Heuristics Generator control the direction in which search is conducted. Ideally, the area containing heuristic methods with the highest performance should first be located. This is difficult for knowledge-lean application domains. Hence, the Heuristics Generator must explore different regions of the heuristics space simultaneously and focus on promising regions based on evaluative feedbacks obtained during learning.

Initially, when learning starts, there is no performance results on any heuristic methods. Without domain knowledge, we assume that a random sequence of mutation, insertion, and deletion is applied initially on the original post-game heuristic methods in order to generate new ones. Subsequently, there are four types of operators for transforming a heuristic method into another: cross-over, mutation, insertion, and deletion. Cross-over is a global operator that combines features from two existing heuristic methods and splits them into two new methods. Mutation is the most commonly used operator that modifies the parameter value of an existing heuristic decision element. For our application, mutation can be applied to a) adjust the threshold of the proposal-generation heuristic decision elements, b) change the sites and processes in priority-assessment heuristic decision elements by selecting from one of 6 possible combinations, and c) change the transformation-generation heuristic decision element by selecting from one of 6 possible choices. The modification may be carried out in the direction that shows the maximum improvement in performance in the past. Note that both cross-over and mutation are commonly used in genetic algorithms and are used more frequently when past performance history is available. Finally, an insertion operator adds a new proposal-generation heuristic

- 16 -

decision element to the existing heuristic method, while a deletion operator removes one of the existing proposal-generation heuristic decision element.

A special case of the mutation operator is the greedy operator, which in our current prototype has 3 phases. In the first phase, the generator locates an existing heuristic method that performs the best in a region of heuristics space. Next, the generator tries to find the sequence of transformations that cause the greatest improvement in performance within that region. Last, a new heuristic method is generated from the heuristic method selected using the sequence of operators found in the second phase. Our current implementation is rule based, so additional operators and rules can be added easily.

In our prototype, we set the probability of random generation based on the number of existing heuristic methods. It is reduced linearly from 1.00 when no existing heuristic method is in the pool to 0.10 when the number of heuristic methods reaches 65. The remaining generation operators are split between the cross-over and the greedy mutation operators, with mutation selected 80 percent of the time.

5. STATISTICAL CANDIDATE SELECTION UNDER TIME CONSTRAINTS In this section, we describe and analyze the resource scheduling strategies for our learning framework. The first part of this section outlines the problem, previous work in the area, and difficulties found in applying previous results to our problem. Next, we describe our proposed scheduling strategies that address these difficulties. This is followed by the evaluation of various selection strategies, and their application to the learning of post-game heuristic methods.

5.1. Problem Overview

In TEACHER, we are faced with choosing the best heuristic method from a pool of heuristic methods, each of which is associated with a set of performance values. This problem can be restated in statistical term as follows: given a set of populations (or candidates) consisting of normally distributed numbers (with unknown means and variances), the goal is to select the one with the highest population mean by testing a certain number of samples from these populations.^1 In our case, the populations are post-game heuristic methods, and the numbers comprising the elements of the populations are the performance values associated with applying the heuristic method to the given test cases.^2 Making one pick from a population is analogous to testing the heuristic method on one test case. The goal is to chose the population with the highest mean within a given amount of tests (or picks).

hhhhhhhhhhhhhhh 1. Population mean and variance are properties of a population. They can be estimated by the

- 17 -

In the past, this problem of finding the population with the best mean has been known as the selection problem. Previous work in this area can be classified into two types. The first type is known as the stopping problem and was first studied by Stern in 1948 [14]. Its objective is to develop a strategy for selecting populations for testing so that the amount of tests required to reach certain stopping criteria is minimized. The second type is known as the allocation problem and was pioneered by Bechhofer in 1954 [1]. The original problem suggested in his paper is to decide the optimal allocation of picks given a fixed total number of picks, assuming population means and variances are known. Optimal solutions to both types of problems are unknown. Many extensions have been proposed to accommodate various tradeoffs and relaxed assumptions.

The major problem in applying traditional statistical methods to the heuristics selection process is that the emphasis has been on testing a finite set of populations, rather than on finding the best population from a large set in a given time constraint. The case in which there are possibly more populations than total allowed testing time has not been addressed before. This condition is highly relevant in our case because we know our deadlines and often have far more options than we could possibly explore.

To address the selection problem in heuristics learning, the time allowed can be broken down into two separate parts: the first part finds the number of populations that are to be tested in more detail in the second part. Finding a suitable number of populations to test in the first part is studied in the next subsection. Once the populations to be tested and the time allowed for the second part are determined, scheduling the tests of populations in the second part is equivalent to the allocation problem studied in statistics. Note that the objective of the statistical allocation problem is to maximize P (CS), the probability of correctly selecting the population with the highest population mean when time is expended, whereas the objective of our selection problem is to maximize the average population mean value of the population selected. Maximizing P (CS) is not meaningful in our case because the number of possible populations are too large to be evaluated in the time limit. Due to this difference in objectives, most of the analysis used in statistical allocation problems do not apply to our problem.

Existing allocation strategies can be further classified into static and dynamic. Static allocation strategies have a selection sequence fixed ahead of time, independent of the values of the picks obtained during selection. One simple strategy of this type is the round-robin strategy

hhhhhhhhhhhhhhh sample mean and variance if limited samples are drawn from the population. 2. A test case is provided by the Test-Case Manager. See Section 4.3 for details.

- 18 -

that takes samples from each population in turn. It is a good strategy for maximizing the worst-case P (CS) when all populations have the same variance [2]. Its drawback is that the number of picks made from each population is the same, meaning that the worst population is tested to the same extent as the best, an obviously inefficient way of using resources. This problem is inherent in all static allocation strategies.

In contrast to the static approach, dynamic (or adaptive) allocation strategies select the population for testing based on previous sample values. An example of this is the greedy policy which takes samples from the population that currently has the maximum sample mean. The potential problem with this approach is that it considers only populations that look good in the current stage, and might discard the best population in an early stage. Another example is the strategy proposed by Tong and Wetzell [16], which dynamically (or adaptively) selects the next population for testing based on estimated means and variances of populations in order to optimize P (CS) when time runs out.

5.2. Resource Scheduling Strategy

Based on the problems described in the previous section, the scheduling strategies that we develop must take limited resources like testing time into consideration, and must be able to deal with situations in which there are more populations so that it would be impossible to test all populations even once. Under these conditions, the scheduling strategies must trade carefully between the number of populations to be tested and the accuracy of the sample-mean values. If more populations are tested, then the accuracy of the sample-mean values would decrease. However, if more samples are tested from a population, then less number of populations are tested in the time constraint, and there is a greater chance of missing a good population.

There are two parts to this problem. First, the desirable level of tradeoff depends on factors such as the distribution of the populations, the distribution of the performance values of each population, and the distribution of the testing time (or sampling overhead) required for each test. In the heuristics learning system, these various distributions are unknown and need to be estimated before learning begins. Second, the scheduling strategies developed must select the most appropriate level of tradeoff so that we can expect to find a population with a large mean value when time is expended. The design of such strategies is difficult, and optimal strategies are not expected to exist.

In this section, we describe the solutions developed for these two problems. We first describe the method for estimating the various distributions of the populations before learning. We then present the multistage selection strategy. Analysis of the performance of several multistage strategies is presented in Section 5.3.

- 19 -

1tg1n1(guidance strategy)

(duration of stage)

(number of candidates in stage)

Time t1+t2t1g2n2t2mStage m

0TStage 2

Stage 1 gtn

Figure 5.1. Multistage Testing Procedure. hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

5.2.1. Presampling Strategy

To estimate the statistical parameters of the target application, we assume that the initial 10 percent of T, the allotted learning time, is assigned to presample the populations. During this period, the learning system will evaluate as many heuristic methods as possible and collect performance data in terms of sample means and sample standard deviations. Each heuristic method is evaluated on four different test cases to assure a reasonable confidence in its statistical values.

At the end of presampling, the learning system collects the performance data and computes a) an estimated average (m_0) and variance (s_0^2) of all the sample means of candidates, b) an estimated variance s^2 of each candidate, assuming all candidates have the same variance, and c) the average sampling overhead, c h = T/(10k), where k is the total number of tests performed during the presampling period. The average number of tests that can be performed in the entire duration is estimated to be T h = T/c h = 10k. The resource scheduler then uses these estimates to choose the appropriate selection strategy along with appropriate parameters values.

5.2.2. Multistage Testing Procedure

We formulate the general selection strategy G(T) as a series of stages, G_i(g_i,t_i,n_i), where i ranges from 1 to m, the number of stages. Each stage is characterized by a triplet consisting of a) g_i, the particular allocation strategy to be used for the stage, b) t_i, the duration of the stage, and c) n_i, the number of populations to be considered for testing during the stage [9]. This multistage testing procedure (see Figure 5.1) can accommodate both static and dynamic allocation strategies. With this method, the first stage corresponds to coarse initial testing to weed out

- 20 -

unworthy populations, followed by a more careful evaluation of the better populations. Only populations that have the top n_{i+1} sample mean values at the end of stage i are taken into stage i +1 for further testing. Note that in the last stage, only the top population needs to be selected. This method allows many new populations to be tested in the early stages, while providing more thorough testing of promising populations in later stages.

The performance of multistage testing depends on the number of stages and the parameter values for each stage. The values of these parameters must be selected properly based on the given problem. Factors that affect these values include the size and distribution of each population, the total amount of testing time, and the number of possible populations and their distributions. To develop a procedure for determining the appropriate parameter values based on the given distributions, we need to know their relationship with the performance of the multistage procedure. This is presented in the next section.

5.3. Performance Evaluation of Multistage Selection Procedure

In this section, we evaluate the performance of several multistage selection strategies. We focus on only single-stage and two-stage strategies because a) the amount of improvement in going from two-stage strategies to three-stage ones is less than that of going from one-stage to two-stage ones, and more importantly b) the number of parameters that must be selected increases with the number of stages, and there is no analytic method for determining the best values for these parameters.

Monte Carlo simulations and mathematical analysis are two methods for evaluating performance. Although mathematical results are more desirable, they may be too complex to be useful in our problem or may be impossible to derive. We compromise by deriving analytic results for simplified cases and by verifying the validity of the analytic results through Monte Carlo simulations of the actual learning problem. We first present the assumptions used in our analysis. We then present general steps used in analyzing the multistage strategies along with an upper bound on their performance. These steps are then applied to the special case in which the sampling overhead is unity for all populations. We analyze the control of static strategies and present simulation results on dynamic strategies. The analysis of two-stage static strategies (round-robin in both stages) is used as heuristics to determine the appropriate parameter values when a dynamic strategy is used in the second stage. Last, we present the results for the case with stochastic sampling overheads.

- 21 -

5.3.1. Assumptions

There are three assumptions we made on the distribution of a population in the analysis of the multistage procedure.

First, we assume that each population is normally distributed, and that sample values in a population are independent and identically distributed (i.i.d.). Empirical verification of this assumption is shown in Table 6.1.

Second, we assume that the mean of each population is drawn from a known distribution f_m, and that the values of all population means are i.i.d. That is, a randomly selected population has a population mean that is normally distributed, and is independent of means of other populations. In many cases f_m can be approximated as normal. We further assume that each population has an infinite number of samples. This assumption can be verified for reasonably large training sets and deadlines.

Last, we assume that the standard deviation of each population is drawn from a known distribution f_s , and that the values of all population standard deviations are i.i.d. Further, we assume that the mean and standard deviation of each population are independent.

The assumptions specified here are somewhat more restrictive than the ones used in studying traditional selection problem [7]. Traditional analysis of selection strategies do not assume any distribution of the population-mean values because a) it deals with finite number of populations and does not need to determine the most appropriate number of populations to test in the time allowed, and b) its goal is to optimize P (CS) instead of maximizing the average performance of the population selected.

5.3.2. Analysis of General Multistage-Selection Method

We present in this section detailed analysis of multistage selection strategies, assuming that the sampling overhead is unity. We discuss the general steps for analyzing stage by stage of such strategies. We then present an upper bound on the performance.

Let T be the duration of the current stage, n be the number of populations to evaluate in this stage, and k be the number of populations that will be selected for further evaluation in the following stages, if any.

The key to the analysis depends on finding the joint probability distribution (f_{joint}) between the sample mean, the population mean, the population standard deviation, the number of samples drawn from each population, and any other variables used in selecting the next heuristic method for further testing. For static strategies, f_{joint} depends only on x h , the sample mean, m,

- 22 -

the population mean, s , the population standard deviation, and s, the number of samples; that is, f_{joint} = f_x^h_{,m,s ,s}. Note that s is a strategy-dependent random variable and may be different for different populations. For dynamic strategies, since the candidates are selected based on some parameters of the joint distribution, each pick must be treated as an individual stage, and the joint distribution must be updated after each pick. In this case, the analysis is generally complex because selection is based on the dynamic ordering of candidates in the pool, which depends on the sequence of past decisions made. To analyze dynamic strategies, the joint distribution of the performance values of all populations based on their performance ranking must be maintained. The steps required for analyzing dynamic allocation strategies are too complex and strategy dependent and will not be discussed here.

For static allocation strategies, the selection sequence is fixed ahead of time and all populations are treated in the same way. Therefore, only the joint probability distribution of a random population is needed. In this case, there are four general steps in the analysis of each stage using information available from the analysis of previous stages.

1) Determine f_x^h_{,m,s ,s}, the joint probability distribution (p.d.f.) for a random population at the end of the current stage. For the first stage, f_x^h_{,m,s ,s} can be found based on the allocation strategy, f_m, the given distribution of population means, and f_s , the given distribution of population standard deviations. For any other stage, f_x^h_{,m,s ,s} can be found based on the allocation strategy used in the stage and f_x^h_{,m,s ,s,(k:n)}(x,m,s ,s) from step (4) of the previous stage. This is the only step in which the chosen allocation strategy may affect the performance.

2) Determine F_x^h and f_x^h, the cumulative distribution function (c.d.f.) and p.d.f. of the sample means of the candidates evaluated at the end of the current stage. This is the marginal distribution of x h and is derived based on f_x^h_{,m,s ,s}(x,m,s ,s) from step (1):

f_x^h(x) =

sS_{s =- ¥} +¥

y=- ¥

+¥ f_x^h_{,m,s ,s}(x,y,s ,s) dy ds . (5.1)

3) Determine f_x^h_{,(k:n)}, the p.d.f. of the populations that have one of the top k among n sample means at the end of the current stage. The subscript notation (k:n) means the top k out of n populations.

At the end of each stage, we select the k populations with the highest sample means to be evaluated further in the following stage, if any. f_x^h_{,(k:n)}, the p.d.f. of a random population from among the k selected populations, is simply the average of the top k order statistics [8] of the sample means (f_x^h(x)):

f_x^h_{,(k:n)}(x) = k f_x^h(x) hhhhh

i =n- k+1S n i ILin MORQF_x^h(x)HP^{i- 1} RQ1-F_x^h(x)HP^{n- i} (5.2)

- 23 -

4) Determine f_x^h_{,m,s ,s,(k:n)}, the joint p.d.f. for the k populations with the top sample means among n original populations. This is the only result that must be carried over to the next stage for static strategies because, in this case, the dependency among populations at the end of the current stage can be ignored. Using Bayes’ theorem, we derive the equation

f_x^h_{,m,s ,s,(k:n)}(x,m,s ,s) = P RQx, m, s ,s |x is in the top kHP

= P[x is in top k]

P RQx is in top k |x, m, s , s HPf_x^h_{,m,s ,s}(x, m, s ,s) hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

= f_x^h(x) f_x^h_{,(k:n)}(x) f_x^h_{,m,s ,s}(x, m, s , s) hhhhhhhhhhhhhhhhhhhhhhhh . (5.3)

For the last stage, k=1. Eq. 5.2 is reduced to:

f_x^h_{,(1:n)}(x) = n f_x^h(x) [F_x^h(x)]^{n- 1} . (5.4)

In the last stage, it is also necessary to find f_{m(selected)}, the distribution of the population mean of the candidate with the highest sample mean. This can be found from the marginal distribution of f_x^h_{,m,s ,s,(1:n)}(x,m,s ,s) from the last stage. By using Eq’s 5.3 and 5.4, we obtain

f_{m(selected)}(m) =

sS_{x=- ¥} +¥

s =- ¥

+¥ f_x^h_{,m,s ,s,(1:n)}(x,m,s ,s) ds dx

= sS_{x=- ¥} +¥

s =- ¥

+¥ n [F_x^h(x)]^{n- 1} f_x^h_{,m,s ,s}(x,m,s ,s) ds dx . (5.5)

The expected value of the population mean of the candidate selected is

E[m_{(selected)}] =

y=- ¥

+¥ y f_{m(selected)}(y) dy . (5.6)

For comparison, the performance of any multistage selection strategy is bounded by that of a hypothetical (but unrealistic) strategy which is able to determine the candidate with the highest expected performance after sampling each candidate only once. If the number of tests that can be performed in the given time limit is T, then the maximum number of heuristic methods that can be sampled by the hypothetical strategy is also T. The distribution of the sample mean for the best candidate among T populations is the T-th order statistic of the population-mean distribution. Let F_m(x) and f_m(x) be the c.d.f. and p.d.f. of the population

- 24 -

mean of a random heuristic method, then the p.d.f. of the best of T random heuristic methods is [8] f_{best}(x) = T [F_m(x)]^{T- 1} f_m(x) (5.7)

This upper bound is somewhat loose because it assumes that we would be able to determine the candidate with the best population mean every time with one sample from each population. Moreover, it does not take f_s , the distribution of the population standard deviation, into consideration.

5.3.3. Static Allocation Strategies

In static allocation strategies, the selection sequence is fixed and is independent of the values of the picks made during the selection process. Since the sequence is fixed, it is likely that testing time be wasted on some populations that have already shown poor performance from the few initial tests. This could be partly overcome by using a multistage selection process which can prune off inferior populations early in the process.

Static strategies do have one point in their favor: they are much easier to analyze than dynamic ones. In addition, they can be used in the first stage of a multistage process employing dynamic allocation strategies in order to obtain initial statistics. In this section, we analyze the performance of the single-stage round-robin and the two-stage round-robin strategies. We also provide a method for determining the parameter values for these strategies.

The single-stage round-robin strategy, G(RR, T, n), takes samples (or tests) from each population (or candidate) in turn, where n is the number of populations to be evaluated, and T is the deadline. Given n and T, s, the number of tests for each population, is constant and is equal to T/n when the sampling overhead is unity. Assuming that each population has normal distribution with variance s^2, population mean m, and s sample drawn, the sample-mean values have a normal distribution with mean mand variance s^2 /s. Assuming that the distribution of all population means is f_m and the distribution of all population standard deviation is f_s , we can determine the joint distribution of the population mean, population standard deviation, and sample mean when the deadline is reached.

f_x^h_{,m,s ,s}(x,m,s ,s) = I J J K J J L 0 f_x^h_{|m,s ,s} ILx|m,s ,s MOf_m(m) f_s (s )

otherwise for s = n Thh

- 25 -

= I J J K J J L 0 s ddddddd

2pn /T f_m(m)f_s (s ) hhhhhhhhhh e^{- 2s 2n /T}

(x - m)^2 hhhhhhhh

otherwise for s = n Thh (5.8)

From this equation, we follow the general steps described in the previous section to arrive at the distribution of the sample mean at the end of the stage (Eq. 5.1) and the distribution of the population mean of the candidate selected when time runs out (Eq’s 5.5 and 5.6).

f_x^h(x) =

s =- ¥

+¥

y=- ¥

+¥ f_x^h_{|m,s ,s} I J L x | | | y,s , n Thh MJ O f_m(y) f_s (s ) dy ds . (5.9)

f_{m(selected)}(m) = n f_m(m) I J K J L^{- ¥}

+¥

- ¥

+¥ f_x^h_{|m,s ,s} I J L x | | | m,s , n Thh MJ O f_s (s ) (5.10)

R J J Q^{-¥}

+¥

- ¥

+¥ F_x^h_{|m,s ,s} I J L x | | | m,s , n Thh MJ O f_m(m) f_s (s ) dmds H J P n- 1

ds dx M J N J O

E[m_{(selected)}] =

x=- ¥

+¥ f_x^h_{,(1:n)}(x)

m=- ¥

+¥

s =- ¥

+¥ f_x^h(x) mf_x^h_{,m,s ,s} I J L x,m,s , n Thh MJ O hhhhhhhhhhhhhhhhh ds dmdx

= x=- ¥

+¥ f_x^h_{,(1:n)}(x) ERQm|x h = x HPdx (5.11)

For the special case in which f_m is N(m_0,s_0^2) and all population standard deviations are constants equal to s , we derive a more specific result using Eq’s 5.4, 5.8, and 5.11.

f_x^h_{,(1:n)}(x) =

ddddddddddd

2p (s^2n /T + s_0^2) n hhhhhhhhhhhhhhhhh e - I J J L 2 (s^2n /T + s_0^2) I Lx- m^0 M O 2 hhhhhhhhhhhhhh M J J OF I J L dddddddd

s^2n /T + s_0^2 x - m_0 hhhhhhhhhhhhh M J O n- 1

(5.12)

E[m_{(selected)}] =

x=- ¥

+¥ s^2n /T + s_0^2 xs_0^2 + m_0s^2n /T hhhhhhhhhhhhhh f_xh_{,(1:n)}(x) dx

- 26 -

= m_0 +

y=- ¥

+¥ dddddddddddd

2 p (s^2n /T + s_0^2) s_0^2 yn e^{- 2}

y^2hhh

[F (y)]^{n - 1} hhhhhhhhhhhhhhhhhhhh dy , (5.13)

where F (x) is the c.d.f. for an N(0,1) distribution.

From the equations above, it is clear that in this case only the ratio between s^2 and T affects the performance. As T increases or s^2 decreases, the average performance of the population selected by this strategy improves. This happens because the accuracy of the sample mean as a predictor of the population mean increases as more time is given or if the variances are reduced.

In the simple one-stage round-robin strategy, the only parameter that can be adjusted is n, the number of populations to be evaluated. One method for determining the optimal n, 1£ n £ T, that leads to the optimal E[m_{(selected)}] for a given problem and deadline is to find n that makes dn dE[m_{(selected)}] hhhhhhhhhhhh = 0. In most cases, however, this cannot be solved easily because it is difficult

to get a closed-form solution for the integration.

If there is only one n that makes the derivative goes to 0, then there is a simple method for finding the optimal value of n for the given problem. In this case, if E[m_{(selected)}] at n_1 is larger than that at n_2, and n_1 < n_2, then n_{opt} < n_2; if n_1 > n_2, then n_{opt} > n_2. Figure 5.2a shows that this condition is usually met. Under this condition, the optimal n can be found by a binary search.

For more complex multistage strategies using the round-robin strategy in the first stage, we need to derive the joint distribution of the population means and sample means of the top k among n populations at the end of the first stage using Bayes’ theorem.

f_x^h_{,m,s ,s,(k:n)} ILx_i,m_i,s_i,s_i |n- k+1£ i £ nMO= fILm_i,s_i,s_i |x_i, n- k+1£ i £ nMOf_x^h ILx_i |n- k+1£ i £ nMO

= f_x^h ILx_i |n- k+1£ i £ nMO

i =n- k+1P n fILm_i,s_i,s_i |x_iMO. (5.14)

The above equation is equal to 0 unless x_i < x_{i+1} for all i, n- k+1£ i £ n. Using order statistic [8], we can derive f_x^h ILx_i |n- k+1£ i £ nMO:

f_x^h ILx_i |n- k+1£ i £ nMO= (n - k)! n! hhhhhhh R

QF^{xh}(x^{n- k+1}) H P n- k

i =n- k+1P n f_x^h(x_i) . (5.15)

We can combine Eq’s 5.14, 5.15 and 5.8 to simplify the result as follows.

- 27 -

Figure 5.2. Performance of static allocation strategies: a) effect of n on the performance of single-stage round-robin selection, and b) performance of single-stage and twostage round-robin strategies.

hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

f_x^h_{,m,s ,s,(k:n)} ILx_i,m_i,s_i,s_i |n- k+1£ i £ nMO (5.16)

=

I J J J J K J J J J L 0 otherwise where s_i = T/n for all i, (n - k+1) £ i £ n, and x_{n- k+1} < x_{n- k+2} < . . . < x_n

(n - k)! n! hhhhhhh R

QF^{xh}(x^{n- k+1}) H P n- k

i =n- k+1P n f_x^h_{|m,s ,s} I J L x_i | | | m_i,s_i, n Thh MJ O f_m(m_i) f_s (s_i)

If the next stage is a static strategy where the selection of candidates is independent of the past performance of the candidates selected, then Eq. 5.16 can be approximated using just the average of the joint distribution for the top k candidates at the end of the stage. This can be derived by substituting Eq’s 5.2 and 5.8 in Eq 5.3.

- 28 -

f_x^h_{,m,s ,s,(k:n)}(x,m,s ,s) (5.17)

=

I J J J K J J J L 0 k 1hh i =n- k+1S n i ILin MORQF_x^h(x)HP^{i- 1} RQ1-F_x^h(x)HP^{n- i} f_x^h_{|m,s ,s} I J L x | | | m,s , n Thh MJ O f_m(m) f_s (s )

otherwise s = n Thh

The two-stage round-robin strategy, {G_1(RR, rT, n_1) , G_2(RR, (1- r)T, n_2)}, is built on the single-stage round-robin strategy. In this strategy, a fraction r of the total time T is used in the first stage to evaluate n_1 populations. At the end of the first stage, n_2 populations (n_2 < n_1) with the largest sample means are taken into the second stage for further evaluation. The second stage takes all the remaining time and also uses a round-robin strategy.

For each stage, the number of tests performed on each population is the same with s_1 =

n_1 r Thhh, and s_2 = n_2

(1- r)T hhhhhhh, assuming unit sampling overhead. The sample-mean value of a

population at the end of the second stage is dependent on a) u, the sample-mean value of this population at the end of the first stage after s_1 tests, and b) x, the sample-mean value found for this population at the end of the second stage after s_1 +s_2 tests. Given u and x for a population, we can determine v, the sample-mean value of this population for the s_2 tests performed in the second stage: v = s_2

(s_1 +s_2)x - s_1 u hhhhhhhhhhhhhhh. (5.18)

From this and the law of total probability [3],

f(x) =

y=- ¥

+¥ f(x,y) dy , (5.19)

we can find f_x^h_{,m,s ,s}^{(2)} , the joint p.d.f. of the population mean and the sample mean of the candidate selected at the end of stage 2.

f_x^h_{,m,s ,s}

(2) (x,m,s ,s) =

I J J J J K J J J J L 0 otherwise for s = s_1 +s_2 ,

u =- ¥

+¥ ProbRQx,m,s ,s_1 +s_2,sample mean u for s_1 at the end of stage 1HPdu

- 29 -

=

I J J J J K J J J J L 0 otherwise for s = s_1 +s_2 ,

u =- ¥

+¥ f_x^h_{|m,s ,s} I J L s2

(s_1 +s_2)x- s_1 u hhhhhhhhhhhhhh | |m, s , s^2 M J O f_x^h_{,m,s ,s,(n2:n1)} I J L u,m,s ,

n_1 r Thhh MJ O du (5.20)

where f_x^h_{,m,s ,s,(n2:n1)} is the joint distribution of the candidates at the beginning of stage 2. Eq. 5.20 can then be solved using Eq. 5.19.

When s_2 >>s_1, the above equation can be simplified by considering the s_1 samples selected in stage 1 to be completely random when analyzing the performance of the second stage. In this case, we ignore the conditional distribution of the sample means obtained in the first stage. With this simplifying assumption and using Eq. 5.10, we can find f_{m(selected)} in terms of g_{m,(n2:n1)}, the p.d.f. of the population mean of the top n_2 populations from the first stage.

g_{m,(n2:n1)}(m) =

x=- ¥

+¥

s =- ¥

+¥ f_x^h_{,m,s ,s,(n2:n1)} I J L x, m, s ,

n_1 r Thhh MJ O ds dx (5.21)

f_{m(selected)}(m) = n g_{m,(n2:n1)}(m) I J K J L^{- ¥}

+¥

- ¥

+¥ f_x^h_{|m,s ,s} ILx|m,s ,s_1+s_2MO (5.22)

R J J Q^{-¥}

+¥

- ¥

+¥ F_x^h_{|m,s ,s} ILx|y,z,s_1+s_2MOg_{m,(n2:n1)}(y) f_s (z) dz dy H J J P

n- 1

dxds M J N J O The distribution of m_{(selected)} for single-stage and two-stage round-robin strategies for a problem with normally distributed population means is shown in Figure 5.2b. The analytical values are computed using Eq’s 5.12 and 5.21 and are compared to the results of Monte Carlo simulations, the upper bound defined in Eq. 5.7, and the original f_m. We see that a two-stage round-robin strategy performs much better than even the best single-stage round-robin strategy.

A two-stage round-robin strategy has more parameters to be selected, namely, r, n_1, and n_2. One method for finding appropriate values for these parameters is to make the same assumption we made for the single-stage round-robin strategy; that is, there is only one local maximum which is also the global optimum. With this assumption, the values of r, n_1, and n_2

- 30 -

Figure 5.3. Effect of r with f_m = N(0,1) and s = 1 for a) a two-stage round-robin method, and b) a two-stage round-robin/greedy method with various s_1.

hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

can be determined by using a binary search. This is far more efficient than enumerating all possible combinations of r, n_1, and n_2. Figure 5.3a shows the results of using this method to select parameters for various values of r. From this figure, r = 0.75 appears to lead to the best performance.

5.3.4. Dynamic Allocation Strategies

Dynamic allocation strategies select populations to test based on dynamic performance information. In our study, we assume that the population selected is based on the mean, variance, or distribution of performance values gathered so far for all populations under consideration. All dynamic strategies require the application of a static strategy in the first stage in order to gather the initial statistics necessary for decision making. In this section we present two dynamic allocation strategies and their performance evaluation.

The simplest form of dynamic allocation strategy is the two-stage round-robin/greedy strategy, {G_1(RR, r T, n_1) , G_2(Greedy, (1- r)T, n_2)}. With the greedy method, samples are taken from the population that currently has the maximum sample mean in the second stage.

- 31 -

The problem with this method is that it considers only populations that look good in the current stage and might discard the best population early in the process.

One dynamic strategy that focuses on the population with high sample means, but also tests the ones with smaller means if they were not tested enough, was proposed by Tong and Wetzell [16]. Their adaptive allocation strategy was designed to optimize P (CS) when the selection process ended. Since we are interested in maximizing the mean of the selected population rather than P (CS), we have chosen to develop a similar allocation strategy using this new objective. We define a risk function expressed as the expected squared-error loss of the mean estimation of each population, weighted by the degree of belief for the selection calculated using a joint t-distribution. This new strategy selects the next population so that the weighted risk is locally minimized. Using Monte Carlo simulations, we find that this new minimum-risk allocation strategy performs as well as Tong and Wetzell’s strategy.

To minimize the risk at a future stopping point, dynamic programming can be used to find the best population to test in each future time instant so that the expected risk when time is expended is minimized. This allows time constraint to be considered in the sampling process. However, the complexity of the method is very high because the number of choices in each step is the same as the number of populations, and the number of possible choices grows exponentially with the number of steps. In practice, only a one-step lookahead policy that selects the population with the minimum risk is practical.

Risk Function. Let m be the number of populations. For the i’th-order population based on sample means, let m_i be its population mean, s_i be its population standard deviation, x h_i

be its sample mean, S_i be its unbiased sample standard deviation, and l_i^k be the number of samples tested in stage k. If L_i, the estimated loss of the population mean values for the i’th-order population, is expressed using the squared-error function, then

L_i(m_i, x h_i

) = ( m_i - x h_i

)^2 . (5.23)

Given x h_i

and s_i, we can calculate the expected value of L_i noting that E[L_i(m_i, x h_i

)] = Var[m_i- x h_i ]. When s_i’s are known, the random variable (m_i- x h_i

) dd^li^{k /s} i^{has a standard normal distribu-}

tion, N(0,1). In contrast, when s_i’s are unknown, the random variable (m_i- x h_i

) dd^li^{k /S}i^{has a}

Student’s t-distribution with l_i^k- 1 degrees of freedom. From these distributions, we can derive E[L_i] when s_i’s are known,

E[L_i(m_i,x h_i

)] = Var[m_i- x h_i ] = l_i^k s_i^2hhh

, (5.24)

- 32 -

as well as when s_i’s are unknown,

E[L_i(m_i,x h_i

)] = Var[m_i- x h_i ] = I J L 1+ l_i^k - 3

2hhhhh MJ

Oli^k

S_i^2hhh

for l_i^k > 3. (5.25)

When the population that currently has the maximum sample mean is selected in stage k, the expected estimation loss (or risk R_k) is expressed as

R^k = E[L^k (m_{(best)}, x h_{(best)}

)] =

i=1S^{m P}i^{k E[L}i^{(m}i^{, xh}i^{)] , (5.26)}

where P_i^k represents the probability that the i’th-order population has the best population mean based on the current information in stage k.

The value of P_i^k is calculated using the joint probability of a) population i having population mean y, and b) all populations j„i having population mean smaller than y. When the values of s_i’s are known, P_i^k can be expressed as

P_i^k =

j„iP^F I J J L s_j / ddl_j^k y - x h_j hhhhhhh M J J O dF I J J L s_i / ddl_i^k y - x h_i hhhhhhh M J J O , (5.27)

where F (x) is the c.d.f. for an N(0,1) distribution. When the values of s_i’s are unknown, P_i^k can be expresses as

P_i^k =

j„iP^Ft I J J L l_j^k- 1,

S_j / dddl_j^k- 1 y - x h_j hhhhhhhhh M J J O dF_t I J J L l_i^k- 1,

S_i / dddl_i^k- 1 y - x h_i hhhhhhhhh M J J O , (5.28)

where F_t(n, x) is the c.d.f. of the t distribution with n degree of freedom. The value of risk R^k in Eq. 5.26 can then be solved using Eq’s 5.24 and 5.27, or Eq’s 5.25 and 5.28, depending on whether s_i’s are known.

One-Stage Look-Ahead Policy. With a one-stage look-ahead policy, the strategy to be taken in stage k is the one that, under the constraint that only one of l_i^k can be increased by 1, minimizes Eq. 5.26 in stage (k+1).

ONE-STAGE POLICY: l_j^{k+1} = l_j^k+1 when j =_imin I K L R^{k+1} |l_i^{k+1} =l_i^k+1 M N O (5.29)

In the special case in which one knows the ‘‘best’’ population, the choice made by this strategy is simple: only the ‘‘best’’ population is tested because P_i^k =1 if m_i is the highest one, and P_i^k =0 for other populations.

- 33 -

In the normal case it is assumed that the value P_i^k is changing slowly and P_i^{k+1}~P_i^k. The actual value of P_i^k is calculated based on the information we currently have in stage k. This implies that we need at least four samples from each population in order to apply the minimum-risk allocation strategy when s_i’s are unknown (see Eq. 5.25).

Approximate Minimum-Risk Method . The complexity of Eq’s 5.27 and 5.28 makes it difficult to apply the minimum-risk method even for small population sizes. To reduce this complexity, we approximate P_i^k for the case when s_i’s are known. In this approximation, we compute P_i^k as the joint probabilities of a) the top ordered population (i.e., the one with the highest sample mean) having population mean higher than the second one, and b) other populations having population means higher than the top one. Therefore, P̂_i^k, the approximate P_i^k, becomes

P̂_i^k =

I J J J K J J J L F I J J L s_n / ddl_n^k y- x h_n hhhhhhhh M J J O dF I J J L s_i / ddl_i^k y- x h_i hhhhhhh M J J O

F I J J L s_{n- 1} / dddl_{n- 1}^k y- x h_{n- 1} hhhhhhhhhhh M J J O dF I J J L s_i / ddl_i^k y- x h_i hhhhhhh M J J O i „ n i = n

(5.30)

where x h_i

represents the sample mean of the i’th-order population, and n is the total number of populations under consideration. Eq. 5.30 can be further simplified using the fact that the difference of two normal distribution N(m_a,s^2_a) and N(m_b,s^2_b) is also a normal distribution N(m_a- m_b,s^2_a+s^2_b). Hence,

P̂_i^k =

I J J J K J J J L F I J J L ddddddddd

s_i^2 /l_i^k +s_n^2 /l_n^k x h_i - x h_n hhhhhhhhhhhhhhh M J J O

F I J J L dddddddddddd

s_i^2 /l_i^k +s_{n- 1}^2 /l_{n- 1}^k x h_i - x h_{n- 1} hhhhhhhhhhhhhhhhhh M J J O i „ n i = n

(5.31)

With this approximation, the total computation time for the minimum-risk method is reduced significantly from O(n^3) to O(n). Our simulation study shows the performance of this approximation is slightly worse than that of the original minimum-risk method.

For the case in which s_i’s are unknown, Eq. 5.31 can also be used to find P̂_i^k. In this case, the sample standard deviations can be used instead of the population standard deviations.

- 34 -

Performance Analysis. To analyze dynamic allocation strategies properly, each sample drawn must be treated as an individual stage with k = n = n_2. This is true because f_{joint} depends on the joint distribution before the test and changes each time a new test is done.

The equations derived are very complex and time consuming to evaluate, even for the simplest dynamic allocation strategy. For studying the performance of dynamic strategies, it suffices to use Monte Carlo simulations. Note that it is much harder to determine the appropriate values for the parameters of dynamic allocation strategies. Simulation results in Figure 5.3b show that a two-stage round-robin/greedy strategy can perform better than the optimal twostage round-robin strategy. However, if its parameters are not set properly, its performance can be worse than even the single-stage round-robin strategy. The results also indicate that the case with r = 0.75 and s_1 = 1 (one sample drawn from each population in stage 1) performs very well. This turns out to be the best for a two-stage round-robin strategy in the range of parameters studied. As a heuristic approach for selecting parameters for two-stage dynamic strategies, the same r, n_1, and n_2 as for a two-stage round-robin strategy can be used.

Figure 5.4 shows the average performance, E[m_{(selected)}]. The results are plotted over a range of deadlines. The dynamic strategies use the same parameter values as the optimal twostage round-robin strategy. These results show that dynamic strategies can outperform the best static strategies.

5.3.5. Allocation Strategies under Stochastic Sampling Overhead

When the sampling overhead is stochastic, there are variations on the number of samples (or tests) drawn in different runs. An accurate analysis would require the knowledge of the distribution of the number of samples drawn from each population in a stage of the selection process, a term that is a high-degree convolution of the distribution of sampling overheads, g_c(x). The analysis is even more complex when the performance value of the sample drawn and its corresponding overhead are correlated, which happens frequently since better heuristics tend to take more time. This is true for the learning of post-game heuristics in this paper. Due to these reasons, we will not attempt to analyze exactly the performance of allocation strategies when the sampling overhead is stochastic.

To find the approximate performance, we can use the average number of samples drawn in each stage instead of the exact distribution [10]. This is equal to T, the total amount of time available, divided by c h , the average sampling overhead. The performance of multistage selection strategies with T time units and stochastic sampling overhead is then approximated by the performance of multistage selection strategies with T/c h time units and unit sampling overhead.

- 35 -

50 100 200 500 1

1.5

2

2.5

3

3.5

T (total testing time)

E[m_{(selected)}]

trivial upper bound

single-stage RR two-stage RR

· D o simulation plots

..... results from

numerical evaluation

greedy minimumrisk · o ......

......

......

......

.......

.......

.......

.......

.......

.......

.......

....... ...

.....

.....

.....

......

......

......

......

......

......

......

......

......

......

......

....

.....

.....

......

......

......

......

.......

......

.......

.......

.......

.......

....... ...

D D D D D D D

D D

· ·

· ·

· ·

o o o o o o

Figure 5.4. Performance comparison for single-stage round-robin, two-stage round-robin, twostage round-robin/greedy, and two-stage round-robin/minimum-risk allocation strategies for f_m=N(0,1) and s =1.

500 1000 2000 0.4 0.6 0.8 1 1.2

T (total testing time)

E[m_{(selected)}]

trivial upper bound

single-stage RR two-stage RR

greedy minimumrisk · o ..........

..........

..........

..........

...........

............

..............

......

D D D D .......

.......

.......

.......

........

..........

..........

..........

..........

........

D

D D D

·

· · ·

o o o o

.........

.........

.........

.........

...........

...........

...........

........... ...

Figure 5.5. Performance of multistage strategies under stochastic sampling overheads.

- 36 -

Figure 5.5 shows the effectiveness of this approximation. The average performance, E[m_{(selected)}], for several multistage strategies are plotted over a range of deadlines. The performance value in this case is defined as q /c, where c is the sampling overhead and q is the quality measure with distribution N(0,1) and s = 1. The distribution of the sampling overhead is specified as follows.

g_c(x) = I K L0 0.4e^{- 0.4(x- 2)} x< 2 x ‡ 2

. (5.32)

The parameters for two-stage strategies are selected using the optimal parameters of two-stage round-robin strategy for time = T/c h ; f_m(m) is N(0,1/c h_2

); and s = 1/c h . 5.4. Application Strategy for Learning Post-Game Heuristics

In order to apply the scheduling strategies we have developed to the learning of post-game heuristics, we must first verify that the assumptions made in the analytical model are correct for the process mapping problem. Experimental verification that the distribution of performance values within a population is normal, that the distribution of population means is normal, and that the variances of all populations are identical are shown in Section 6.1. The actual values of these parameters and the overhead for testing a heuristic method have to estimated before learning begins.

Based on the general application strategy described in Section 5.2, the resource scheduling strategy for learning post-game heuristics can be summarized as follows.

1) During the initial 10 percent of the allotted time T, the presampling strategy described in section 5.2.1 is applied to estimate a) average m_0 and variance s_0^2 of all sample means of populations, b) variance s^2 of each candidate, assuming all candidates have the same variance, and c) the average sampling overhead, c h = T/(10k), where k is the total number of tests performed during the presampling period. The average number of tests that can be performed in the entire duration is T h = T/c h = 10k.

2) Assuming that the distribution of the population means is a normal distribution, N(m_0,s_0^2), and that 75% of the remaining time is allocated to the first stage of a two-stage round-robin selection algorithm (r =0,75), the scheduler uses a binary search to find n_1 and n_2, the optimal number of populations to be sampled in the two stages. These values are computed using Eq. 5.21 using f_m~N(m_0,s_0^2) with the values m_0, s_0^2, and s^2 obtained in Step 1, and T h as the total number of tests available.

- 37 -

3) We choose to use the two-stage round-robin/minimum-risk strategy as the primary resource scheduling strategy in the remaining time based on parameters r, n_1, and n_2 determined in Step 2. This strategy is more robust and is less likely to fail than other multistage strategies we have evaluated by Monte Carlo simulations.

4) The two-stage round-robin/minimum-risk is carried out until the time is expended. At the end of the second stage, the heuristic method with the highest average performance is returned.

6. EXPERIMENTAL RESULTS

In this section we present the results of applying TEACHER 4.1 to learn post-game heuristics. First, we describe verifications of assumptions made in the analytical model and the learning experiments performed. Next, we present plots for showing the tradeoff between cost and quality of the heuristic methods selected by the learning system. Finally, we demonstrate scalability and generality of the heuristic methods learned.

6.1. Post-Game Heuristics Learning Experiments

To evaluate our method for learning heuristics for post-game analysis, we apply the postgame system on a target problem based on the divide-and-conquer paradigm. In this application, each process computes for a random amount of time, sends a message to each of its child processes in order to start their computation, and waits for the results from its descendents before reporting to its parent. There are a total of 105 processes that are mapped to a 3-by-3 mesh architecture. Twenty problem instances, each with a common communication pattern and CPU times for each code segment drawn from a uniform distribution (U(50,150)), are included in the Test-Case Database.

The 20 test cases are evaluated for 100 different heuristic methods. Each set of 20 points is then tested for normality using both the Kolmogorov-Smirnov Test and the Geary Test [3]. The results summarized in Table 6.1 demonstrate the validity of the normality assumption.

Figure 6.1 shows the cumulative distribution of the mean performance (Eq. 4.2) of 100 random heuristic methods, each evaluated on 20 test cases with 31 initial mappings for each test case. This graph illustrates our assumption that the distribution of population means is normal.

We apply the learning system described in Sections 4 and 5 to learn new post-game heuristic methods for several intermediate objective functions used in the Internal Critic. Since the actual learning experiments are very time-consuming, we use results from actual as well as simulated runs to present a full picture of the learning system performance. In the simulation

- 38 -

Table 6.1. Test of Normality for 100 random heuristic methods, each run with 20 test cases and averaged over 31 initial mappings for each test case. At a = 0.05, Kolmogorov- Smirnov test with 20 samples requires the value to be less than 0.19, while Geary Test at a = 0.05 requires the absolute value to be less than 1.96 [3].

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii # Fails T_{scale} Test Min Avg Max / Total iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Kolmogorov-Smirnov 0.06314 0.122008 0.228907 4/100 15 ( a = 0.05 , KS < 0.19 )

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Geary Test 0.007155 0.800058 2.302100 6/100 ( a = 0.05 , |G| < 1.96 ) iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Kolmogorov-Smirnov 0.061655 0.118434 0.195710 2/100 50 ( a = 0.05 , KS < 0.19 )

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Geary Test 0.007323 0.685574 2.15586 3/100 ( a = 0.05, |G| < 1.96 ) iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii cc c c c c c c c c c c c

cc c c c c c c c c c c c

cc c c c c c c c c c c c

cc c c c c c c c c c c c

cc c c c c c c c c c c c

cc c c c c c c c c c c c

cc c c c c c c c c c c c

cc c c c c c c c c c c c

cc c c c c c c c c c c c

3.85 3.9 3.95 4 4.05 4.1 -0 0.2 0.4 0.6 0.8 1

Average Performance m

F_m

T_{scale}=15

Figure 6.1. Distribution of population means of 100 random heuristic methods used in postgame analysis; performance is computed using Eq. 4.2.

hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

run, only the second stage of the learning experiment is actually executed; the first stage is simulated using statistical data of heuristic methods gathered during an actual run. The savings in execution time is significant, as a simulation run requires only 25 percent of the time required by an actual run. The problem with simulations is that heuristics generation is not modeled, as only heuristic methods generated in a previous run are used during the simulation. Some

- 39 -

justification to this approach can be found by comparing the results between the actual and simulation runs shown in Table 6.2.

We carried out two experiments to evaluate our learning system. In the first experiment, we applied the learning system to learn post-game heuristic methods for intermediate objective function Q(T_{scale}) (Eq. 4.2) with 4 different values of T_{scale}. The pool of initial heuristic methods for all experiments consists of 10 predefined heuristic methods. Information collected during the learning experiment for T_{scale} of 15 was then used to simulate the learning experiment for 4 other values of T_{scale}. At the end of each learning experiment, we fully evaluate the selected heuristic method over the entire training database. The duration of an actual run is 16 hours of CPU time on a DEC-Station 5000 model 200 with 16 Mbytes of memory; each quantum of time corresponds to evaluating a heuristic method over one test case with up to 31 initial mappings. This is done by testing each test case until a 97.5% confidence interval (based on the Student’s t-distribution) of the average performance across the initial mappings is within 3% of the average value.

In the second experiment, we investigated the effect of learning time on the quality of the heuristic methods selected by our learning system. Based on the heuristic methods and their performance information gathered during an actual learning experiment with T_{scale} of 15, we simulated learning experiments with durations ranging from 4 hours to 16 hours and three different values of T_{scale}.

In the next section, we describe the step involved in evaluating the performance results we have obtained from our experiments. The actual performance results are presented in Section 6.3.

6.2. Performance-Tradeoff Plots

In Section 4.3, we explain why the average performance information by itself does not provide a complete picture on the effectiveness of the heuristic methods selected and the tradeoff between cost and quality of the mapping obtained by each heuristic method. To evaluate properly the performance of the various heuristic methods, we need to evaluate cost and quality separately. We propose using the plot of the normalized quality of a heuristic method on each test case against its normalized cost on the same test case as a way for evaluating the performance of that heuristic method.

The first step in obtaining this plot is to compute the normalized values of the cost and mapping quality by Eq. 4.3. Although a scatter plot can be achieved with this step, additional steps are required to obtain a more comprehensive view of the performance of heuristic

- 40 -

methods.

Second, we eliminate from the performance data any anomalous data points which might unduly influence the statistical result we want to observe. We are mainly interested in univariate outliers, i.e., the few extreme cost or mapping-quality values which do not fit with the other data points. These can be detected simply by computing the standardized score (x- m/s ) of the normalized cost and quality values for the given heuristic method. Any data point with standardized scores in excess of 8.00, i.e., a point more than 8 standard deviations away from the mean, is considered an outlier and is removed. Note that this computation does not assume any underlying distribution of the data. Multivariate outliers, which are the points that have an unusual combination of cost and quality values, can also be detected by computing the Mahalanobis distance for each data point. A data point whose Mahalanobis distance has less than 0.001 probability of happening can be considered an outlier [15]. The application of this method requires that the joint distribution is a multivariate normal distribution. We did not apply multivariate-outlier detection here because the performance data after eliminating the very few (5 out of 9000 data points) univariate outliers appear to be reasonable.

Next, we determine the joint distribution between the two normalized measures for the given heuristic method. Based on the performance data, we hypothesized that the joint distribution is a bivariate normal distribution. To validate this assumption, we first checked that the marginal distributions of cost and quality were normal. There are many methods for evaluating univariate normality; examples include computing the values of skewness and kurtosis [15], applying the goodness-of-fit test, such as Kolmogorov-Smirnov and Geary tests, and applying the Shapiro-Wilk test [4]. We have applied all these tests on our performance data; with only 1 or 2 exceptions, normality was accepted at level a = 0.1. Next, we evaluated bivariate normality of the joint distribution. The method we used was the chi-square plot or gamma plot [11], which depicts the ordered square distance from the centroid (mean values) to each data point against the chi-square distribution. If the data have a bivariate normal distribution, this plot would appear as a straight line. Again, bivariate normality was verified for our data. Other methods for checking multivariate normality can be found in the reference [4]. If the performance values do not have a normal distribution, then a distribution has to be first assumed so that the values can be transformed into another set which can be tested for normality.

Finally, we obtained the 90% constant probability density contour of the bivariate normal distribution representing the joint distribution of the normalized cost and mapping quality. To do so, we first computed the mean vector, M, and the variance-covariance matrix, S, for the distribution. We then derived the axes for the ellipse that represented this contour from the eigenvalues {l_1,l_2} and eigenvectors {e_1,e_2} of the covariance matrix, S. The axes of the

- 41 -

ellipse were represented as the vectors c_2(0.1) ddl_1 e_1 and c_2(0.1) ddl_2 e_2, respectively [11]. These two vectors represent the direction and length of the axes for the ellipse with respect to the centroid of the data set M. The resulting contour encompasses the area where 90 percent of the data from the given bivariate normal distribution should appear. If the original performance values are not normally distributed and a transformation was made in the previous step, then the contour found in this step has to be converted using the inverse transformation into one for the original data points.

6.3. Experimental Results on Learning Heuristic Methods

Using a DEC-Station 5000 model 200 with 16 Mbytes of memory, it took approximately 30 days of CPU time to acquire all the results shown in Section 6. The data shown in Section 6.1, which were based fully evaluating 100 randomly generated heuristic methods, required about 14 days of CPU time. Each actual learning experiment (with 16 hours of learning time) took approximately 48 hours of CPU time to complete, while each simulated learning experiment took approximately 8 hours of CPU time. Finally, for the data shown in Sections 6.3 and 6.4 on fully evaluating the heuristic methods selected, about 7 days of CPU time were used.

Table 6.2 shows the performance of heuristic methods learned using different T_{scale}. The third column of Table 6.2 shows the objective value of Q(T_{scale}) reported by the Internal Critic when learning is terminated. The last two columns show the performance by evaluating the selected heuristic methods exhaustively over the entire training set. We see that our learning system consistently found heuristic methods that outperform the original post-game heuristic methods of Yan and Lundstrom [21], which have a normalized average cost and quality of 1.0. Moreover, the intermediate objective Q(T_{scale}) is quite consistent with the results obtained by exhaustive evaluation. Note that the original heuristic methods already generate mappings of high quality. As a result, heuristic methods that generate mappings of higher quality is more difficult to find: a small improvement in quality means a large increase in cost. On the other hand, our learning system was able to find much faster heuristic methods that have minor degradation in quality.

Table 6.2 also illustrates the dependency of the intermediate objective function on the sampling overhead. The number of selections finished during learning decrease as T_{scale} increases. This happens because heuristic methods that perform well for higher values of T_{scale} are likely to require higher sampling overhead, and the number of quanta completed during the training period is reduced as T_{scale} increases. These observations show that if the objective function is dependent on the sampling overhead, then the distribution of sampling overheads for good heuristic methods are likely to be different from that for random heuristic methods.

- 42 -

Table 6.2. Result of learning for different T_{scale}. Time allowed for learning is 16 hours of CPU time on a DECStation 5000 Model 200; the strategy used is two-stage roundrobin/minimum-risk; the time for the initial presampling period is 96 minutes.

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii Average Intermediate Number Normalized Performance Experiment Performance of (Eq’s 4.3a and 4.3c, Orig=1.0) Type (orig=4.00) Quantum iiiiiiiiiiiiiiiiiiiiiiiiiiii

T_{scale}

(Eq. 4.2) Cost Mapping Quality iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

1 SIM 20.6870 305 0.1292 0.9042 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

8 SIM 4.2020 290 0.2740 0.9697 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

15 RUN 4.0764 258 0.2740 0.9697 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

30 RUN 4.0077 191 0.3172 0.9727 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

50 RUN 4.0087 128 2.2063 1.0133 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

100 SIM 4.0537 147 4.7188 1.0360 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii 1000 SIM 4.0726 149 4.7188 1.0360 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

¥ RUN 4.0481 109 4.5179 1.0225 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c c c

cc c c c c c c c c c c c

c c c c c c c c c c c c c c c c c

Note: The execution time taken by post-game analysis averaged over all test cases using the existing heuristic method of Yan and Lundstrom [20,21] is 19.89 minutes per test case on a DECStation 5000/200. The corresponding average completion time of the mappings found by the original heuristic methods is 1454.05 seconds. hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh

Figure 6.2 shows the normalized graphical plot of cost versus mapping quality for some of the heuristic methods shown in Table 6.2. This plot, obtained using the steps described in Section 6.2, provides a better picture of the tradeoff between cost and quality for each heuristic method than the information shown in Table 6.2. Each data point in this figure corresponds to the average performance of a heuristic method on a test case in the training database. The graph shows the tradeoff between the quality of the mapping found and the execution time of the heuristic methods selected for various values of T_{scale}. Recall that T_{scale} controls the relative importance between these two measures; as T_{scale} increases, the execution time of the heuristic method becomes less important. Consequently, both the cost of the heuristic method selected and the quality of the mapping found are improved. To choose the heuristic method appropriate for the application, an automated learning system that aids users in experimenting with various alternatives is, therefore, very important.

Figure 6.3 shows the normalized plot for the second set of experiments in which the amount of learning time is varied. The learning experiments were performed for three different values of T_{scale} (1, 15, and 100) and seven different learning times (4, 6, 8, 10, 12, 14, and 16

- 43 -

0.8

0.85

0.9

0.95

1

1.05

1.1

0.1 1 10

Normalized Quality of Mapping Found

Normalized Cost for Finding Mapping using Post-Game Analysis

Orig Heur T scale = 1

T scale = 15

T scale = 30

T scale = 50

T scale = 100

T scale = INF

Training Time = 16 Hours CPU Time

Figure 6.2. Performance of heuristic methods selected by different intermediate objective functions on test cases in the training database.

1

0.1 1 10

Normalized Cost of Finding Mapping using Post-Game Analysis

T scale = 1

T = 4,6 T = 8,10,12,14,16

T scale = 15

T = 4

T = 6

T = 8

T = 10

T = 12,14,16

T scale = 100

T = 4

T = 6

T = 8

T = 10,12,14,16

Orig

Figure 6.3. Performance of heuristic methods selected using different learning time, T, ranging from 4 to 16 hours.

- 44 -

Hours). Only one of the results is derived from an actual run of the learning system (T_{scale} = 15 and learning time = 16 hours). Simulation runs based on this run were used to select the other heuristic methods.

From Figures 6.2 and 6.3, we observe that the cost for finding a mapping increases exponentially with respect to increase in the quality of the mapping found. We also observe that the quality of the mapping found by the post-game system is already very good. Even after 16 hours of learning, the best heuristic method (T_{scale} = 100 in Figure 6.3) provides only 5 percent improvement in the quality, while the cost increases by more than four times. On the other hand, we can reduce the cost significantly with only minor degradation in mapping quality. For example, Figure 6.3 shows that with 4 hours of learning time, our learning system can find a heuristic method that uses only 10 percents of the cost of the existing post-game heuristic method and finds mappings that are 10 percents worse (T_{scale} = 1).

Figure 6.3 also shows the improvement in performance of the heuristic methods selected as learning time increases. This is more obvious for T_{scale} = 1 and 100. For T_{scale} = 1, the heuristic methods selected have lower cost as the learning time increases. For T_{scale} = 100, the heuristic methods selected not only have higher mapping quality as the learning time increases, but also have more consistent performance in term of both cost and quality. For T_{scale} = 15, the improvement in performance is harder to characterize. Even in this case, we observe that the heuristic method selected after 16 hours of learning has more consistent performance than that of other heuristic methods selected using less learning time.

6.4. Verification of Heuristics Performance

The experimental results in Table 6.2 indicate that our learning system produces heuristic methods that outperform existing post-game heuristics. However, before these heuristics can be applied in general, we need to verify that the performance of these heuristic methods are not restricted to the test cases defined in the training database.

To demonstrate the generality of the heuristic methods learned, we apply the heuristic methods selected on three other test sets. Each test set contains 10 test cases drawn from a unique distribution. The test cases in the first set are drawn from the same distribution as the test cases in the training database. This is used to verify that the performance of the heuristic method is not restricted to the training set, and that the performance is consistent across the problem domain. To check the scalability of the heuristic methods learned, test cases in the second test set are drawn from an implementation of a divide-and-conquer paradigm with 204 processes on a 16-node hypercube architecture. The CPU time for each code segment for this test set is also drawn from a uniform distribution U(50,150). Last, test cases in the third test set

- 45 -

are drawn from an entirely different problem domain that implements a distributed blackboard program with 115 processes on a 3-by-3 mesh architecture. The idle times between new observations for each observer are drawn from a uniform distribution U(0,12).

Figures 6.4 and 6.5 compare the performance of the heuristic methods learned for T_{scale} of 1 and 15 on the three test sets defined above. These plots show that the heuristic methods selected perform consistently for the type of problems represented by the training database. These figures also indicate that the heuristic methods learned have performance that can be generalized to large problems of the same type. However, the heuristic methods selected does not perform well with respect to test cases drawn from the distributed blackboard problems, which have different characteristics. To allow the heuristics learned to generalize, test cases from different problem types may have to be used during learning. The use of diverse test cases in learning will be studied in the future.

7. CONCLUSIONS

In this paper we present a population-based system for learning heuristics for mapping processes on a network of computers. Our system extends post-game analysis by systematically generating new heuristic methods in order to determine process mappings and test them on sample problems. We have modeled resource scheduling for the learning system as a statistical selection problem under time constraints. Based on some general assumptions, various multistage procedures for selecting the heuristic method with the best population mean are developed, evaluated, and tested. We also present methods for selecting appropriate parameters for the multistage procedures.

Our learning system is able to propose new heuristic methods that consistently outperform existing post-game heuristics obtained by extensive hand tuning. Our experiments also show that different heuristic methods may be required under different objectives and processing conditions. Our learning system provides an automated tool for generating new heuristic methods that can adapt to the target environment.

We have also developed a graphical method for comparing the performance of heuristic methods on different sets of test cases. Our method provides additional insight into selecting the proper heuristic methods for the target application. It is useful for verifying the generality and demonstrating the scalability of the heuristic methods selected. We show that our heuristic methods learned have performance that are scalable and can be generalized to a limited extent to other mapping problems.

- 46 -

0.82

0.84

0.86

0.88

0.9

0.92

0.94

0.96

0.98

1

0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16

Normalized Quality of Mapping Found

Normalized Cost of Finding Mapping using Post-Game Analysis

Heuristics Selected for T scale = 1

Training set

Verify set Bigger problem set

Blackboard set

Figure 6.4. Performance of heuristic methods selected for T_{scale}=1 on different test sets.

0.88

0.9

0.92

0.94

0.96

0.98

1

1.02

1.04

1.06

0.2 0.4 0.6 0.8 1 1.2

Heuristics Selected for T scale = 15

Training set

Verify set Bigger problem set

Blackboard set

Figure 6.5. Performance of heuristic methods selected for T_{scale}=15 on different test sets.

- 47 -

[1] R. E. Bechhofer, C. W. Dunnett, and M. Sobel, ‘‘A Two-sample Multiple Decision Procedure for Ranking Means of Normal Populations with a Common Unknown Variance,’’ Biometrika, vol. 41, pp. 170-176, 1954.

[2] R. E. Bechhofer, A. J. Hayter, and A. C. Tamhane, ‘‘Designing Experiments for Selecting the Largest Normal Mean when the Variances are Known and Unequal: Optimal Sample Size Allocation,’’ J. of Statistical Planning and Inference, vol. 28, pp. 271-289, Elsevier Science Pub., 1991.

[3] J. L. Devore, Probability and Statistics for Engineering and the Sciences, Brooks/Cole Pub. Co., Monterey, CA, 1982.

[4] R. Gnanadesikan, Methods for Statistical Data Analysis of Multivariate Observations, John Wiley & Sons, New York, NY, 1977.

[5] D. E. Goldberg and J. H. Holland, ‘‘Genetic Algorithms and Machine Learning,’’ Machine Learning, vol. 3, no. 2/3, pp. 95-100, Kluwer Academic Pub., Boston, MA, Oct. 1988.

[6] J. J. Grefenstette, C. L. Ramsey, and A. C. Schultz, ‘‘Learning Sequential Decision Rules using Simulation Models and Competition,’’ Machine Learning, vol. 5, pp. 355- 381, Kluwer Academic Pub., Boston, MA, 1990.

[7] S. S. Gupta and S. Panchapakesan, ‘‘Sequential Ranking and Selection Procedures,’’ in Handbook ofSequential Analysis, ed. P. K. Sen, pp. 363-380, Dekker, NY, 1991.

[8] R. V. Hogg and E. A. Tanis, Probability and Statistical Inference, 3rd Edition, Macmillan Pub. Co./Collier Macmillan Pub., New York, NY/London, England, 1988.

[9] A. Ieumwananonthachai, A. N. Aizawa, S. R. Schwartz, B. W. Wah, and J. C. Yan, ‘‘Intelligent Mapping of Communicating Processes in Distributed Computing Systems,’’ Proc. Supercomputing 91 pp. 512-521, ACM/IEEE, Albuquerque, NM, Nov. 1991.

[10] A. Ieumwananonthachai and B. W. Wah, ‘‘Process Mapping Heuristics under Stochastic Sampling Overheads,’’ Proc. Computing in Aerospace 8 Conf., vol. 1, pp. 348-357, American Institute of Aeronautics and Astronautics, Baltimore, MD, Oct. 1991.

[11] R. A. Johnson and D. W. Wichern, Applied Multivariate Statistical Analysis, Prentice- Hall, Englewood Cliffs, NJ, 1982.

[12] M. B. Lowrie and B. W. Wah, ‘‘Learning Heuristic Functions for Numeric Optimization Problems,’’ Proc. Computer Software and Applications Conf., pp. 443-450, IEEE, Chicago, IL, Oct. 1988.

[13] P. Mehra and B. W. Wah, ‘‘Architectures for Strategy Learning,’’ in Computer Architectures for Artificial Intelligence Applications, ed. B. Wah and C. Ramamoorthy, pp. 395-468, Wiley, New York, NY, 1990.

[14] C. Stein, ‘‘The Selection of the Largest of a Number of Means, Abstract,’’ Ann. Math.

Statist., vol. 19, p. 429, 1948. [15] B. G. Tabachnick and L. S. Fidell, Using Multivariate Statistics, Second Edition, Harper and Row, New York, NY, 1989.

- 48 -

[16] Y. L. Tong and D. E. Wetzell, ‘‘Allocation of Observations for Selecting the Best Normal Population,’’ in Design of Experiments: Ranking and Selection, ed. T. J. Santner and A. C. Tamhane, pp. 213-224, Marcel Dekker, New York, NY, 1984.

[17] B. W. Wah and H. Kriplani, ‘‘Resource Constrained Design of Artificial Neural Networks,’’ Proc. Int’l Joint Conf. on Neural Networks, vol. III, pp. 269-279, IEEE, June 1990.

[18] B. W. Wah, ‘‘Population-Based Learning: A New Method for Learning from Examples under Resource Constraints,’’ Trans. on Knowledgeand Data Engineering, vol. 4, no. 5, pp. 454-474, IEEE, Oct. 1992.

[19] J. C. Yan, Post-Game Analysis--AHeuristic Resource Management Framework for Concurrent Systems,Ph.D. Dissertation, Dept. Elec. Eng., Stanford Univ., Dec. 1988.

[20] J. C. Yan and S. F. Lundstrom, ‘‘The Post-Game Analysis Framework--Developing Resource Management Strategies for Concurrent Systems,’’ Trans. on Knowledge and Data Engineering, vol. 1, no. 3, pp. 293-309, IEEE, Sept. 1989.

[21] J. C. Yan, ‘‘New ‘‘Post-game Analysis’’ Heuristics for Mapping Parallel Computations to Hypercubes,’’ Proc. Int’l Conf. on Parallel Processing, vol. II, pp. 236-242, CRC Press, Boca Raton, FL, Aug. 1991.

[22] C. F. Yu and B. W. Wah, ‘‘Learning Dominance Relations in Combinatorial Search Problems,’’ Trans. on Software Engineering, vol. SE-14, no. 8, pp. 1155-1175, IEEE, Aug. 1988.