Comparati ve Profiling Of P arallel Applications

with PP erfDB^1

Christian L. Hansen^2 and Karen L. Karavanic^3

2Center for Automation Research, A.V. Williams Building, University of Maryland, College Park, MD 20742

chansen@cs.umd.edu

3Department of Computer Science, Portland State University, P.O. Box 751, Portland OR 97207-0751

karavan@cs.pdx.edu

Abstract . In a performance tuning study, knowledge of program behavior is obtained experimentally, with repeated runs of a slightly modified version of the application or the same code in different environments. In these circumstances, comparative performance analysis can provide meaningful insights into the subtle effects of system and code changes on parallel program behavior by highlighting the difference in performance results across executions. In this paper we describe PPerfDB, a tool designed to support experiment management through the identification of system parameters, the representation of multiple sets of execution data, and the formulation of data queries. Our current prototype allows access to existing performance data generated by several commonly used tracing tools . Launching of new performance experiments is accomplished with an interface to a dynamic instrumention-based tool, enabling the creation of novel experiments for performance hypothesis testing . We show results of a case study combining dynamic instrumentation and trace data from two different versions of a parallel application.

1. Intr oduction

Optimizing parallel code is a notoriously difficult task. Achieving optimal performance requires an understanding of the complex interdependencies between the various hardware and software elements which influence code behavior. Solutions are reached experimentally, by modifying specific parameters of the system and executing the application in a controlled environment. Ascertaining the effects certain changes have on the overall performance requires the ability to meaningfully compare two or more executions of an application.

In this paper we present the PPerfDB research tool, which provides an experimental framework for identifying the free parameters in a tuning environment and for formulating and testing performance hypotheses. PPerfDB includes the framework necessary for comparative profiling, which can be used to identify and quantify the concrete effects of code and system adjustment on application performance. PPerfDB includes modules that analyze data gathered by three commonly available tracing tools, Jumpshot, Vampir, and VT, and an additional module which can generate performance data for new experiments using dynamic instrumentation. Comparative studies are possible between existing executions in the database, between reference, database executions and new executions run under the auspices of the tool, between two running executions, and between two or more processes in a single execution. Furthermore, as run-time application control and measurements will be done through the use of the DPCL instrumentation library, comparisons can be limited to particular phases of an application, thereby reducing the amount of data store and instrumentation perturbation.

Since an application may well undergo rather radical changes during its lifetime, differences across executions are first identified with the abstract representations and associated operations defined by PPerfDB. However, to obtain a more detailed comparison encompassing a diverse set of data sources, we have created the Overlay operation, which unifies the various data formats available to the tool with a single representation, and we have generalized the Performance Difference operator, which performs an automated search for discrepancies in performance data. Further qualification and quantification of such discrepancies can then be done by side-by-side comparison of flat profiles, call graph profiles, or event traces.

Currently, there are a host of performance tools in existence providing detailed trace or log based information [1,2,3,4,5,6]. This information can be used in an iterative form of tuning where the application is run, the logs analyzed, the code modified, and the cycle repeated. This method becomes very costly when the application in question needs hours or days to run and requires a large amount of dedicated, high-demand resources. Furthermore, this method generates and then neglects an often massive amount of data which has gathered over the life-

1. This research was completed while C. Hansen was at Portland State University, and was sponsored by UC/LLNL contracts B508995 and B513213.

time of a particular piece of code as it is run under various conditions. Other tools [7,10] have made attempts to relieve the burden of large amounts of data collecting found in trace based tools by supporting dynamic instrumentation [8,9]. One drawback to both types of tools is their lack of comparative techniques. While the analyst can bring up and visually compare a pair of execution traces by running two instances of the analysis tool, the tools themselves provide no information beyond a single iteration of the turning cycle. PPerfDB has been designed to incorporate a wide variety of performance data, collected using both trace-based and dynamic instrumentation-based tools, and allow direct comparison of two or more measured executions.

In the next section, we describe the design of PPerfDB. In Section 3 we briefly describe our prototype implementation. Section 4 presents results of our use of PPerfDB with a parallel application on different platforms and with different measurement tools, and Sections 5 and 6 list related work and conclusions.

2. The Framew ork For Comparati ve Profiling

To meaningfully compare performance data from two or more executions, there must exist a framework capable of abstracting away the different formats in which this data is reported, of compensating for partial data or different metric types, and for classifying and managing this data. To meet these requirements, we have developed the PPerfDB tool, which provides a high level representation of individual executions, methods for querying and displaying underlying performance data for multiple executions at once, and operations for comparing and contrasting executions at an abstract level. PPerfDB follows the model developed by Karavanic and Miller at the University of Wisconsin [11]. In this section we briefly review key aspects of this model, then describe modules implemented for PPerfDB to include data extraction and manipulation facilities that include several common tracefile formats, and data created from within PPerfDB using an interface to a dynamic instrumentation-based measurement tool.

2.1 Structural Repr esentation

PPerfDB defines an experiment space formed on the basis of the tuning parameters of the program and system under evaluation, called the SpaceMap. At one level, the SpaceMap allows for the formalization of performance related hypotheses and subsequent testing; at another, it provides an organizational facility for multiple executions of a single application. The tuning parameters, or attributes, identify the circumstances of the execution and may include such items as the number of processes, the platform, the communication library, or any other user-defined features common across experimental scenarios. By selection of a single attribute value, the analyst can limit their consideration to a subset of the total number of executions, i.e. only those executions that share a particular value. We use a unique identifier (EID) to distinguish each different program execution. At the next level of detail, individual executions are represented by a hierarchical collection of resources, or identifiable elements of the runtime system. Resource hierarchies most commonly include, but are not limited to, code modules, processes in the computation, and message tags, although the actual components and their organization is dependent on the underlying system and the tool used to generate the performance data. To represent an entire execution, the various resource hierarchies are unified into a single tree structure called an EventMap under a virtual root node. A sample of an EventMap for CLOG data from a very simple parallel bucket sort algorithm using MPI, called BSMPI, is presented in Figure 1. EventMaps form the basis for queries into data files for perfor-

mance information or requests for instrumentation when source files are non-existent.

Figur e 1: An EventMap f or BSMPI In this screenshot, the number 4 proceeding each node name is the EID of the execution. The ROOT node is a lighter color than the others to indicate that it is a placeholder.

Two operations have been defined on resource hierarchies, the Structural Merge and the Structural Difference. The Structural Merge is an algorithm that traverses both trees in a recursive top down fashion merging nodes with equivalent names and positions in the hierarchy, starting with the root node. Unmatched nodes are simply appended to the new tree in their original position. As EIDs are assigned to executions and their associated resources as powers of 2, the merged EventMap and its merged nodes are distinguished from the originals by their own unique EID obtained from summing the EIDs of the sources. Thus examination of the merged tree gives the analyst a glimpse into what changed and what remained the same from one execution to the next. A sample of a Structural Merge for partial EventMaps is shown in Figure 2. Tool users can force a match between

two or more nodes using one or more manually specified mappings.

The Structural Difference operation takes a merged EventMap as its starting point and, again proceeding in a top down manner, removes all the nodes which were common to both executions except in the instance where a non merged node lies beneath it in the hierarchy and it must be retained as a placeholder. The intention of this operation is to provide immediate access into what has changed from one execution to the next by highlighting those components which were not in common. An example of this is given in Figure 2.

Once we have chosen an axis of variation among the available executions and would like to look at the differences specifically related to individual performance results, we are presented with the problem of how to reconcile possibly very different representations of our application. Among the tracefiles themselves, there are differences in resource naming and in the depth of information available. Between tracefiles and dynamically gathered data, there is an even greater difference in representation, particularly in the arena of code resources. In PPerfDB, correlation between representations is done automatically in a top-down manner with the use of Overlays. Overlays are essentially a set of bridging, collating, and renaming directives implemented as an artificial resource hierarchy, a list of equivalencies, and a minimal set of metrics, all of which are user configurable. Conceptually, Overlays represent what is considered “interesting”for study by the analyst and as such they can correspond to various commonly used parallel computational paradigms. At the level of implementation, application of an Overlay to an execution consists of forming the intersection of the two sets of metrics and aliasing the resources in the Overlay’s hierarchy to those in the execution (represented by a dotted line in the following figures). Aliasing occurs during a breadth first traversal of the Overlay hierarchy alongside the executions, when links are created between nodes with identical names or with those matching a pair of equivalencies found in the accompanying list. If a match is not found at the same level in both trees, nodes deeper in the executions’s subtree are searched. If nothing is found to match an Overlay node, that node is dropped from the representation. Allowing the algorithm to descend further into the execution’s tree to search for matches allows for node bridging when a richer representation is given than is common across executions; continuing the search after a single match is found, so that multiple links are established implements the idea of collating data; providing a list of equivalencies enabled us to actuate the renaming of nodes to a standard scheme. This is useful in light of the original impetus to represent the hierarchies as close to the original data source as possible (see Fig. 3).

2.2 Performance Results

Selecting a single resource from each hierarchy in the representation, we create a focus, which combined with a metric and a time period, references a particular Performance Result. In the case of a merged Event- Map, the Performance Result may consist of several sets of data, one for each operand execution of the merged EventMap. Another aspect to the representation of execution data is a list of metrics, the contents of which are

A B A + B A - B

Figur e 2: Structural Mer ge and Structural Differ ence. Starting from the left, the first and second screenshots show SpaceMaps of two operand executions, EID 1 and 2. The third screenshot shows a structural merge, A+B. The top four leaf nodes are merged nodes with EID 3. Therightmost screenshot illustrates a structural difference operation. The operand execution EID 2 does not share several nodes found in EID 1. Since these nodes are the children of a common Process node, this node has been retained as a placeholder, indicated by its lighter color.

statically determined by the tool used to generate performance measurements. For any basic profiling tool with default settings in a parallel environment, this list includes at least function call and message counts, as well as function costs and message sizes. More advanced tools or further user configuration will expand this list significantly. As a set of metrics is associated with each execution, the extension of the Structural Merge and Structural Difference Operations to encompass metric lists is simply a union of the two sets.

2.3 Trace-based P erformance Results

Foundational work demonstrated a useful experiment management system to accommodate Paradyn data [13]. One goal of PPerfDB is to provide a single point of access to a diverse body of performance data. Particularly, this includes historical data, which may include files generated primarily by trace or log based libraries. To this end, several common tracefile formats were examined and incorporated into the model. Tracing libraries linked into application code timestamp events, such as function calls or message sends, as they occur, so that on completion of the execution the behavior of the application can be recreated. In general, from the region defining beginning and ending marks provided by these event logs, it is a relatively simple matter to calculate function count and cost information, point-to-point message delivery times, and from the extra information accompanying send and receive calls, message sizes. However, we have not restricted ourselves to this basic set but rather define the list on a case by case basis. This is the result of an effort not to discard available data by enforcing a particular model over all event formats, as a more detailed tracefile format may allow a richer set of metrics. The set of metrics available to a particular execution are determined statically and are dependent on the library used to generate the tracefile.

The use of a particular tracefile library also determines the type of resource hierarchies available, although it does not determine their actual content. While we may know that a particular tracefile provides memory allocation information, we do not know a priori the actual addresses and sizes of the allocated blocks. Therefore, the EventMap associated with an execution is determined on an individual tracefile by tracefile basis. In practical terms, this means that the tracefile must be scanned to determine these values and that precisely one pass over the entirety of each tracefile is required when it is first loaded into the system.

Figur e 3: Bridging, Collating, and Renaming Effects of an Ov erlay These diagrams shows the multiple links made between an Overlay and those of an executions Event- Map. The links are represented by dotted lines. The bottom diagram shows the links made between an Overlay and two different executions EventMaps when applied successively. The equivalencies frame shows the provided name mappings used in creating the links.

Process

Node1

Overlay

Execution 1 Process

1

1 Module2

Module3

Code

Code Function1

Module1 Function1

Function1

Function1

Overlay

Execution 1

Process

Node1 Machine 1 0 Process 0 1 Execution 1 Execution 2

Overlay Process = Machine

Equivalencies 0 1

Of the large variety of these libraries and their associated formats, the PPerfDB tool currently supports tracefiles in the CLOG [2] format as generated by the extension library that comes as part of MPICH [14] and Compaq’s MPI [15]; the log format generated by Pallas’Vampirtrace [17]; and the default tracing library that comes with IBM'sParallel Operating Environment, at one time associated with the now deprecated tool VT [6]. Of the three formats, the first two are available on a number of systems and concern themselves primarily with the MPI communication paradigm. As a result, these two very similar formats by default report only on MPI function calls. With event data equivalent to that mentioned in the general case, they provide only a basic set of metrics: number of function calls, function cost, number of bytes in a message, and message delivery time. For the EventMap, both generate a code hierarchy which includes MPI calls, a process hierarchy that includes tasks in the computation, and a synchronization hierarchy that includes message tags. As it is possible in both cases to have user-inserted calls to the profiling library provide additional information on other functions and user-defined blocks, these will occasionally appear in the code hierarchy. The VT format includes a superset of the metrics and resource hierarchies found in the other two formats. With the tracing level set accordingly, the VT format can include periodic samples of process state information such as CPU, I/O, socket, and memory usage statistics. The VT format presents a deeper process hierarchy with an intermediate level providing the actual node names to which processes were assigned.

2.4 Launching P erformance Experiments with Dynamic Instrumentation

PPerfDB includes a dynamic instrumentation based mechanism for launching new performance experiments implemented with IBM’s DPCL library [10]. Dynamic Instrumentation [8] provides an interface for inserting and removing small pre-defined pieces of code into the in-memory image of a running application. This allows the measurement timing to be more flexible, targeting only the more interesting parts of an execution and adjusting the granularity to fit the problem. This can drastically reduce the volume of recorded data. DPCL provides a wide degree of flexibility for application tuning, including being able to report back the values of tool-created and application variables and to stop and start the application at will.

This functionality is accessed by adding a new dataless execution to the database and then requesting a view of the EventMap, which can either start the target application using the DPCL library or connect to an already running application by additionally providing the library with the PIDs of the computation. Once communication with the target is established, the number of processes is reported back to the user interface and the object code is explored in order to build an EventMap for the execution. Since DPCL allows instrumentation to be inserted at the entry and exit of function calls and it allows the inspection of program variables, this translates into the presence of code and memory hierarchies in the EventMap.

The list of metrics available to a dynamic execution corresponds directly to the instrumentation probes implemented by the library interface component and a supporting probe library. Currently, PPerfDB includes function and message counts, and function costs. Each probe, when activated by the occurrence of a specified event, reports back to the user interface a timestamped data value appropriate to the metric in question. To approximate the time of an event relative to the start of the application, timestamps are generated from a sum of the user and system times reported from the getrusage system call. Counts are calculated by simply marking the time of function entry, and message counts are obtained in an identical fashion, but only for message passing routines. Functional costs are calculated by timestamping the entry and exit points of a function call and reporting the difference.

Instrumentation is requested through the composition of a performance query, which is translated by the library interface module into the appropriate probe type and insertion point(s). As data is reported back to the tool interface, updates are made to the display chosen to initiate the request. Since PPerfDB allows a single visualization to display information from more than one execution ata time, this means it is possible to display dynamic data against a background of tracefile data, or to simultaneously display data from two instances of the library interface module, each monitoring a separate execution of the target application. When the application terminates or when instrumentation is removed and PPerfDB disconnects from the running program as per user action, the reported performance data and EventMaps are automatically stored for later retrieval and analysis.

2.5 Performance Differ ence Operator

The performance difference operator locates points of interest in the resource hierarchy indicated by divergent results between two or more executions. After being characterized by the selection of a metric and a threshold value, the algorithm starts by obtaining a performance result for an application level focus, i.e. the children of the root node, then obtains a performance result for each source execution of a merged EventMap, and finally compares the distance between results to the theshold value. If this distance falls within the threshold, the process is stopped. However, if the threshold is exceeded, a process of focus expansion is undergone, in which each node of the current focus is replaced successively by its child nodes, creating a list of new foci which are used in turn to generate performance results. For each set of results, a comparison is made between their difference and the threshold value, and those which exceed the value are appended to a list of failed foci and further expanded. This process is repeated until either all the calculated distances lie within the threshold or the leaf nodes of the tree are reached. Effectively, this algorithm performs a breadth first traversal of our resource hierarchy, obtaining performance results for every possible combination of foci, and returning a list of foci which fail the threshold check. This list is useful in that it highlights the sources of divergence between execution times, greatly narrowing our further studies.

The actual mechanisms for calculating the difference between two different executions is not a trivial operation in the case of diverse data sources. An event based sequence of records, such as returned from the tracing tools and dynamic instrumentation as implemented in PPerfDB has no unifying time basis. This problem can be alleviated in one of two ways. The first is to define a summary operation on the data returned from the performance result operation, essentially converting it to profiled data. For some of the existing metrics, such as function counts or cost, or communication loads, this may indicate that a sum over the data is in order. For data sampled at a regular interval, such as seen in the system information provided in VT tracefiles and Paradyn histograms, a comparison of means may be more appropriate. To keep the operation as general as possible, several functions have been defined, such as the sum, the mean, the minimum, the maximum, and the standard deviation, any of which can further qualify the performance difference operation. In this regard, the distance between two performance results is defined as the algebraic difference between the results of the given summing operation applied to them. The second method is to divide the timeline up into discrete intervals and interpolate event results to match these intervals. This would allow the performance results to be treated as discrete functions and the difference defined as the distance between two functions, thereby providing time specific information into when deviations occur.

Two more difficulties with the performance difference operator arise when the time scales of two executions differ greatly or when we are faced with partial or incomplete data, such as that generated by the dynamic instrumentation of DPCL or Paradyn. The first of these situations occurs when we are comparing across platforms. Here, we may face a situation in which our application runs in a dedicated environment one system, but on another it may suffer the effects of time sharing. Or, we have less expensive, more frequent access to a slower machine, and therefore a richer set of results, which we would like to use in the context of a newer, faster, but similar system. In such instances, it is reasonable to normalize the timelines and associated timing values and support for this operation is provided. Currently, incomplete or absent data is handled by leaving the performance difference operator undefined for those segments. Thus for summary and functional comparisons the tool only reports partially defined results.

3. Prototype Implementation

A prototype of PPerfDB was developed in Tcl/Tk and currently allows the creation of an application specific SpaceMap, the definition of attributes, the loading of any number of executions, and the means to select multiple executions at once on the basis of their attribute values. Extensions to Tcl, written in C++, also provide an abstract class interface for executions, for the storage and management of execution specific EventMaps, including the Structural Merge and Difference Operations, and for the storage and handling of metric lists. EventMaps are visualized via a Tree widget [12] along with associated information presented through standard Tk objects. PPerfDB runs on Solaris, AIX, and Linux. The DPCL based experiment launching module is a separate, independent library interface component written in C++, that currently only runs on AIX.

The trace tool specific modules, along with a generic interface for generating resource hierarchies, providing metric lists, and extracting performance results from trace files, are implemented in Perl. Perl was chosen for its ease and agility in handling text strings, as all three formats are first translated into their ASCII equivalents for portability reasons. The interface scripts are called by Tcl code and the performance data that is returned can be visualized through standard means, such as graphs, histograms, and tables. At the moment, each new performance result query requires a single pass through the associated tracefile. Considering the extremely large size of the majority of these files, the time required to extract the relevant data for multiple queries of several executions can become unacceptable. Thus, once data has been requested, it is now cached, providing a significant reduction in the amount of time processing data. Work is underway both to further reduce the number of passes required over a tracefile and to automate the extraction process so that cached data is used even for the first request, however, that effort goes beyond the scope of this paper.

4. Case Studies

In this section, we describe the results of using PPerfDB and comparative profiling with a representative application called SMG98. SMG98 is a semicoarsening multigrid solver developed at Lawrence Livermore National Laboratories. The algorithm was designed to solve the systems of linear equations involved in finite difference, finite volume, or finite element discrete diffusion equations on distributed memory architectures. Parallelism is achieved by data decomposition according to the specified processor topology. The application’s behavior is common to many parallel scientific codes in that its performance is dependant on how the data is partioned and distributed among the computational elements. The code was written in C and can be used for 2D and 3D problems, where the problems size per processor and processor topology can be specified on the command line. A thorough study of this algorithm’s scalability can be found in [17].

Figure 4 shows the starting SpaceMap for the SMG98 application with six experiments already added.

All of these were obtained by running the application on ASCI Blue-Pacific, which is IBM SP 604e located at Lawrence Livermore National Laboratory. We defined several attributes, including whether or not shared memory was used for communication, the problem size per processor, the platform, the communication protocol, the number of processors used, and the compiler optimization level.

The goal of this study was to observe the effects of using different network protocols on communication times. Two runs of the application were done, one using Vampir to gather data and another using DPCL. Both run were done with 8 processors, a topology of 2x2x2, and an problem size of 40x40x40 per processor. ASCI Blue-Pacific has two interconnects available for MPI communication, the proprietary US protocol over a dedicated switch and the more widely used IP, which is shared among jobs. In this study, Vampir was used to measure US performance and DPCL to measure IP. Since the code was unmodified for the run, Vampir trace data only reported on MPI calls, leaving a short list of possible candidates for profile comparisons (Figure 4). As nonblocking sends and receives were used for communication, MPI_Waitall was by far the most significant contributor to communication time and was selected for this initial study. Dynamic instrumentation was thus inserted to measure the duration of each MPI_Waitall call for a single process in the computation (Figure 5).

The Structural Difference operation revealed a number of discrepancies between EventMaps. DPCL provides access to the entirety of the code, including libraries added by default by the system, plus it allows access to program variables, represented in the EventMap by a Memory hierarchy. The Vampir EventMap’s Code and MPI nodes were merged into a single Code node, and the whole EventMap was saved as an Overlay. An equivalency was also created between Process and Machine, so that the Machine node would be mapped to the Process node of the Overlay. Once applied, it was a simple matter to see what data was available in common, and to create displays based on the data.

The final difficulty that remained to a direct comparsion between performance data from the two formats was the perturbation caused by instrumentation overhead. To compensate for this, the solve time of another run

SMG98 SpaceMap and EventMap. The screenshot on the left shows the SpaceMap for a collection of executions of the SMG application. The screenshot on the right shows the EventMap and list of metrics for a single execution, EID 4 in the left frame and the list of available metrics in the right frame. The chosen time interval is found below the list of metrics Figur e 4:

using DPCL and the US protocol was recorded, and this time, 36.16s, compared against the Vampir time, 38.71s provided a scaling factor of 0.93 which was applied to all Vampir reported times. Finally, we plotted the results for a comparison between functional costs for a single process in the computation using a PPerfDB visualization. The plot shows an improvement in communication times, and from the summary statistics provided, there was an improvement of approximately 2.0s for this process by using the US protocol.

5. Related W ork

The starting point for this work was foundational work done at the University of Wisconsin by Karavanic and Miller [13], as part of the Paradyn project. The Paradyn [7] performance tool represents a very thorough exploration of the features available from dynamic instrumentation. Paradyn implements a wide assortment of metrics providing detailed timing information and usage statistics, and a Metric Definition Language for the creation of more. The Performance Consultant component of Paradyn performs automatic searches for bottlenecks by inserting instrumentation at continually more refined points in the program as hypotheses about potential bottlenecks are accepted or rejected. PPerfDB is distinguished in handling tracefile data.

Although there are relatively few performance tools that allow simultaneous comparisons between multiple data sets, there has been quite a bit of work on providing a unified representation of diverse tracefile formats. As a self-described meta-format for tracefiles generated by various tracing libraries, SDDF [18] is the data source for the wide array of the Pablo [19] project’s performance tools. This Self-Defining Data Format stores the syntactic structure of the trace events within the tracefile, thereby allowing a single C++ API for the extraction of different types of data from multiple converted formats. Visualization of SDDF data can be done through SvPablo [20], which also provides the means to graphically browse the source code, automatically or manually instrument the code, rerun the application, and then annotate the source with the count and duration information for each instrumented construct. SvPablo allows one to distinguish different runs of an application by execution environments, so that different runs in different "contexts" can be compared, but on a case by case basis. EARL [21] is a language definition for tracefile analysis that also provides uniform access to several tracefile formats. It has four predefined event types corresponding to code region entry, region exit, message sends and message receives with associated attributes such as the time, the processing node, and the type. It is possible to use the existing and extended features of this language to combine extracted events into more meaningful metrics, and then analyze the results. This has been done with EXPERT [22], an extensible tool which searches for predefined behavioral patterns in parallel execution traces. EXPERT’s design follows the APART [23] group’s object-oriented specification of performance data, both static and dynamic, and of the well-known bottlenecks occurring in parallel code. While EARL allows programmers the ability to examine data from more than a single tracefile at a time, pursual of these types of investigations has not yet occurred. Another tool for the visualization

Figur e 5: Experiment launching: DPCL Contr ol with Pr ogram Output This screenshot shows application controls along the top, the status of the instrumentation in the middle frame, and the target application’s output in the bottom frame.

and analysis of tracefile data created by multiple libraries is MEDEA [24]. Modular in design, MEDEA uses a filtering module to extract tracefile information on the basis of a specified level of detail and a metric. A visualization module graphs the results of filtering, clustering, and fitting modules. MEDEA provides the user the ability to save previous analyses from different executions under the heading of a single session. When a session contains similar metrics from two or more executions, MEDEA can further derive metrics of application speedup, efficiency, efficacy, and total execution time vs. number of processors. Our approach differs from these tracing tools in terms of generality. While EARL and MEDEA provide functionality similar to components of PPerfDB, they do not integrate this into an environment which can analyze data from both tracefile- and dynamic instrumentation based tools.

Tool Gear [25], currently under development at Lawrence Livermore National Laboratory, functions as in intermediary between various performance tools, offering a database of stored performance results and the ability to view this and newly measured data via a source code browser. With underlying support for code instrumentation provided by DPCL and the PAPI library for accessing hardware performance counters, it is possible to measure function calls and cache utilization.

6. Conclusion And Futur e Work

We presented PPerfDB, a tool that provides access to performance data stored in a variety of formats and presents presents this data in an analytical environment which would allow the identification and quantification of adjustments made to the system and code of parallel applications. Our prototype includes support for data extraction from three common types of tracefiles, the means to generate new data using dynamic instrumentation, and the ability to access this data through a uniform interface. We described several performance studies which demonstrate that the prototype can successfully help locate and identify performance perturbations due to code and system changes. It has also shown that it can be used for experiment definition and hypothesis testing.

Our future goals include: increasing the range of the dynamic instrumentation to include system level information, such as the kernel statistics provided in the VT tracefiles and the data available from hardware performance counters; and finer granularity to the data available through dynamic instrumentation, so that instrumentation is not limited to function level measurements, but code blocks and lines as well. We are currently developing PPerfXChange, an XML-based tool that allows data sharing between geographically separate instances of PPerfDB.

References

[1] J. C. Yan. "Performance Tuning with AIMS - An Automated Instrumentation and Monitoring System for Multicomputers”. Proceedings of the 27th Hawaii International Conference on System Sciences, January, 1994. Vol. II. pp. 625-633.

2. O. Zaki, E. Lusk, W. Gropp, and D. Swider. “Toward scalable performance visualization with Jumpshot”.

High Performance Computing Applications, 13(2):277--288, Fall 1999. 3. M.T. Heath and J.E. Finger. “Paragraph: A Performance Visualization Tool for MPI”. http:// www.csar.uiuc.edu/software/paragraph.

4. P. H. Worley. “A New PICL Trace File Format”. Technical Report ORNL/TM-12125, Oak Ridge National Laboratory, Oak Ridge, TN, October 1992.

5. Pallas GmbH. Vampir 2.0 User’s Manual, Pallas GmbH, Bruhl, Germany, June 1999. 6. IBM Corporation. IBM Parallel Environment for AIX, Operation and Use, Volume 2. IBM Corporation, Poughkeepsie, NY, 2000.

7. B.P. Miller, M.D. Callaghan, J.M. Cargille, J.K. Hollingsworth, R.B. Irvin, K.L. Karavanic, K. Kunchithapadam, and T. Newhall, “The Paradyn Parallel Performance Measurement Tools”. IEEE Computer 28, 11, November 1995.

8. J.K. Hollingsworth, B.P. Miller, and J. Cargille. “Dynamic Program Instrumentation for Scalable Performance Tools”. 1994 Scalable High-Performance Computing Conference, Knoxville, TN, pp. 841-850.

9. B. Buck and J.K. Hollingsworth. “An API for Runtime Code Patching”. Journal of Supercomputing Applications, 2000.

10. IBM Corporation. IBM Parallel Environment for AIX: Dynamic Probe Class Library Programming Guide.

IBM Corporation, Poughkeepsie, NY, 2000. 11. K.L. Karavanic. “Experiment Management Support for Parallel Performance Tuning”. PhD Dissertation, University of Wisconsin, Department of Computer Science, Madison, WI, 1999.

12. A. Brighton. “The Tree Widget”. http://archive.eso.org/~abrighto/tree/tree.html, September, 1998.

13. K.L. Karavanic and B.P. Miller. “Improving Online Performance Diagnosis by the Use of Historical Performance Data”. Proceedings of the 1999 Conference on Supercomputing ‘99, Portland, OR, November 1999.

14. W. Gropp and E. Lusk. “User’s Guide for MPE: Extensions for MPI Programs”. http://wwwunix.mcs.anl.gov/mpi/mpich.

15. Compaq Computer Corporation. Compaq MPI: User Guide. Compaq Computer Corporation, Houston, TX, July 1999.

16. Pallas GmbH. Vampirtrace 2.0 Installation and User’s Guide. Pallas GmbH, Bruhl, Germany, November 1999.

17. P.N. Brown, R.D. Falgout, and J.E. Jones. “Semicoarsening Multigrid on Distributed Memory Machines.”

SIAM Journal on Scientific Computing Volume 21, Number 5 pp. 1823-1834. 18. R. A. Aydt. “The Pablo Self-Defining Data Format”. University of Illinois at Urbana-Champaign, Department of Computer Science, Urbana, IL, 1997..

19. D.A. Reed, P.C. Roth, R.A. Aydt, K.A. Shields, L.F. Tavera, R.J. Noe, and B.W. Schwartz. “ScalablePerformance Analysis: The Pablo Performance Analysis Environment”. Proceedings of the Scalable Parallel Libraries Conference, IEEE Computer Society, pp. 104-113, October 1993.

20. L.A. DeRose and D.A. Reed. “SvPablo: A Multi-Language Architecture-Independent Performance Analysis System”. 10th International Conference on Computer Performance Evaluation - ModellingTechniques and Tools - Performance Tools’98, pp. 352-355, Palma de Mallorca, Spain, September 1998.

21. F. Wolf and B. Mohr. “EARL- A Programmable and Extensible Toolkit for Analyzing Event Traces of Message Passing Programs”. Forschungszentrum Jülich Technical Report FZJ-ZAM-IB-9803, April 1998.

22. F. Wolf and B. Mohr. “Automantic Performance Analysis of MPI Applications Based on Event Traces”.

Proceedings of the European Conference on Parallel Computing, Munchen, Germany, September, 2000. 23. T. Fahringer, M. Gerndt, G. Riley, J.L. Traff. “Knowledge Specification for Automatic Performance Analysis - APART Technical Report”. Technical Report FZJ-ZAM-IB-9918, November 1999.

24. M. Calzarossa, L. Massari, A. Merlo and D. Tessera. “Parallel Performance Evaluation: the MEDEA Tool.”

I.H. Liddel, A. Colbrook, B. Hertzberger, and P. Sloot, editors, High-Performance Computing and Networking, Volume 1067 of Lecture Notes in Computer Science, pp. 522-529, Springer-Verlag, 1996.

25. J. Gyllenhaal and J. May. “Tool Gear”, http://www.llnl.gov/asci/pse/asde/toolgear.html, February 2001.