International Journal of Computer  & Information Science (IJCIS)
8
No page numbers

[image: image3.png]


A Comparison of Path Profiling and Edge Profiling

In C++ Applications

Brian A. Malloya
                                                                            Clemson University,U.S.A

Abstract
[image: image1]

     We investigate the notion of phases as they occur in object-oriented programs. The focus of our investigation is on C++ programs and our test suite includes various kinds of object-oriented programs including scientific and general-purpose applications. We focus on individual phased branch behavior and attempt to capture information and generalize about the frequency of phased behavior. We provide profiling in determining phase change in various program executions.
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1. Introduction  

     The tremendous interest and growth in the internet has brought with it a demand for mobile code that is compact and efficient. The idea behind mobile code is that applications can be distributed quickly across computer networks and automatically executed upon arrival. For these applications to run efficiently, they must adapt to the run-time environment of the target architecture. In view of the demand for speed, there is evidence that traditional static optimizations may not provide the efficiency required for modern mobile applications. Moreover, there is increased use of object-technology in these mobile applications with a concurrent belief that object-oriented code, with its frequent use of dynamic binding, is less amenable to traditional, static optimizations.

     One optimization in common use today is feedback-directed optimization, FDO, which uses program characteristics, obtained at runtime, to attempt to improve the performance of the application.  Most FDO approaches use profile guided compilation, which facilitates determination of those parts of a program to modify in order to maximize performance [26].

     Profiling entails instrumenting an application to obtain a cost metric such as time spent in a method or the number of times a method executes. This metric can indicate those parts of a program where optimization is likely to achieve a 
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     If the input to a program changes, the optimizations performed on a previous execution may no longer be beneficial [27]. In fact, the performance of a statically optimized program may degrade appreciably, so that performance is worse than the un-optimized version of the program [26]. 

     A second drawback with FDO relates to the determination of the instrumentation strategy that is likely to provide the most information at a tolerable cost. Traditional approaches to profile guided optimization construct a graphical representation of the program that describes the flow of control, and then place counters at vertices or edges in the graph. Edge profiles record an aggregate count of the frequency of edge executions that provide general information about the behavior of a program. 

     However, reference [26] argues for the collection of more detailed information than aggregate edge information to describe a program's run-time characteristics, introducing the notion that the run-time behavior of a program cycles through a series of phases. For example the branch prediction and cache miss rate might be more accurately described over the execution of a program using phases
 [23]. Phase profiling might address the shortcomings of edge profiling if one could detect changes in phase and apply an optimization more suited for a particular phase and later apply a different one for a different phase.

Phase profiling might address the shortcomings of edge profiling if one could detect changes in phase and apply an optimization more suited for a particular phase and later apply a different one for a different phase.

Phase profiling might address the shortcomings of edge profiling if one could detect changes in phase and apply an optimization more suited for a particular phase and later apply a different one for a different phase.
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Phased Behavior.  This is a branch taken from the lcom benchmark which exhibits phased behavior.  The pink line at y = 55% represents the average bias for the branch.  The blue line represents the sampled taken bias for the branch. The sampled bias seems to interleave between periods of being strongly taken and being weakly taken.  An optimization based purely on the aggregate bias would adversely affect performance during the period of very weak taken bias.

     To illustrate the impact that phased behavior might have on optimization, consider the graph in Figure [1], which models the run time branching behavior of an application.  The branch shown in the figure is biased towards “taken” 55% of the time; that is, aggregate information would lead the profiler to conclude that the branch is likely to be “taken” more often than not.  However, the sampled taken bias interleaves between periods of strong bias towards “taken” and periods of  “not taken”.  An optimization based strictly on the 55.5% average bias would perform poorly during the phases with significant bias towards ``not taken''.

    In this paper, we investigate the notion of phases as they might occur in object-oriented programs. The focus of our investigation is on C++ programs and our test suite includes various kinds of object-oriented programs including scientific and general-purpose applications.  We focus on individual phased branch behavior and attempt to capture information and generalize about the frequency of phased behavior.  We provide guidance about the advantages of using path profiling over edge profiling for improving the performance of programs that exhibit phased branch behavior. 

     The remainder of this paper is organized as follows.  In the next section we provide background about various approaches to program profiling, including the notion of superblock scheduling.  In Section 3 we describe the simulation tool that we exploit to investigate phased behavior and in Section 4 we describe our case study that forms the basis of our conclusions about phased behavior. In Section 5 we present the results obtained from analyzing phased behavior for individual branches and discuss these results in Section 6.  Section 7 overviews related work in the area of program optimizations, phases and the use of profiling.  Finally, in Section 8 we summarize and conclude.

2. Background

     In this section, we provide definitions of terms and background about profiling. We discuss both edge and path profiling including a greedy algorithm for computing edge profile information. We conclude this section with a discussion of phases and phased behavior, including the impact of phased behavior on superblock scheduling.

2.1 Profiling

     One of the common uses of profiles is to derive paths taken during program execution for use in path based optimizations [7].  Edge profiling records the execution count of transitions between basic blocks [5] or edges.  Since edge profiles summarize path execution using aggregate edge counts [26, 6], programs paths must be derived from a profile. Generally path based optimizations are performed on hot paths, heavily executed paths, in order to gain the best performance gain with limited resources.

     One technique for deriving heavily executed paths from an edge profile is to use a greedy algorithm that follows the edge with the maximum execution frequency out of a basic block[6].  This greedy algorithm does not always produce accurate results; more specifically, the greedy algorithm may misidentify which path significantly contributes to overall control flow of a program.  For example, given an edge profile for a CFG such as Figure 2a, a greedy algorithm would incorrectly identify ACDEF instead of ABDEF as the most frequently executing path.

    Path profiling addresses the shortcomings of edge profiles by recording the actual paths taken within an application[6].  

Looking at Figure 2a, path profiling can disambiguate between the two paths and determine which path actually contributed significantly to the control flow of the program.  Since the frequency counts for actual paths are recorded instead of aggregate edge counts, the correct hot path ABDEF was found for the CFG in Figure 2a.  

     The additional accuracy provided by path profiling can be beneficial for certain optimizations based on run-time profile information.  Young and Smith demonstrated improvements that can be made to superblock schedulers using path profiling [29, 26].  A superblock scheduler attempts to improve program performance by increasing the amount of instruction-level parallelism (ILP) extractable 

7. Related Work

In this section, we overview the research that relates to program optimizations, phases and the use of profiling.

7.1 The Deco Project at Harvard and Hewlett Packard’s Dynamo

     The Deco project [14] at Harvard University and Hewlett Packard's Dynamo[4] are feedback-direct optimization systems which attempt to create executables which can adapt to their run-time environment.  Each system uses a different mechanism for detecting changes in phase.  The current prototype of Deco records Ball and Larus acyclic paths[6] and stores them in a hash table(profile table).  An execution count is maintained for each entry in the hash table.  Deco uses an interrupt mechanism to examine the hash table and determine which path to optimize based on a threshold execution count.  Each optimized piece of code is put into a fixed sized optimization cache. After the hash table is examined, each entry's execution count is zeroed. If the cache is full, a random entry is evicted in order to deal with program phases.

     Dynamo uses a heuristic called MRET (Most Recently Executed Tail)[4] for identifying hot traces. Within Dynamo backward taken branches represent the end of a trace.  The target addresses of these branches identify the start of new traces. An execution count is associated with each of these target addresses. If this execution count exceeds some threshold value, dynamo begins to record the instruction stream until another backward taken branch is encountered. 

The trace is optimized and placed into a cache indexed by the target address that starts the trace.  Subsequent encounters of the target address result in hits to the cache.  The target address is replaced by the address of the optimized trace.  Once the trace ends control is returned to the Dynamo interpreter which starts the tracing process again.  To adapt to changes in phase, Dynamo flushes the trace cache whenever the rate of trace creation surpasses some threshold value.  This flushing strategy attempts to readjust optimizations to changes in branch phase.

7.2 Time Varying Behavior

     Sherwood and Calder looked at phases of program behavior that vary over time[23].  They looked at how the instructions executed per cycle, branch prediction rates, address prediction rates, cache miss rates, and value prediction rates influence each other and change over the lifetime of the SPEC95 benchmark suite.  They used the SimpleScalar [9] simulator to record statistics for every 100 million committed instructions.  Each point (for each 100 million instructions committed) obtained was graphed to view trends over time and to look for cyclic behavior. The cyclic behavior of the SPEC95 benchmarks was used to reduce the amount of time needed to get an accurate picture of program behavior.  The graph was used to determine the length of a program cycle.

7.3 Adaptive Parallelism

     Even though adaptive loop transformations for parallel computations can provide significant performance speedups, existing adaptive techniques waste processor resources.  For a particular parallel computation, speedups gained by adding more processors could level off or possibly decrease.  Hall and Martonosi showed that the behavior of some loops from the Specfp95 and NAS benchmark suites may go through phases where there may be insufficient levels of parallelism so additional processors may not help improve performance[15].  In some cases a serialized version of a loop might perform better.

8. Conclusions
     We investigated the impact of phased behavior on various C++ benchmarks.  We showed that the conditional branches within the C++ benchmarks exhibit a significant amount of phased behavior.  We observed a mean percentage of phased behavior of 13% at a granularity of 1000, 13.7% at a granularity of 500, and 17% at a granularity of 100.  We believe this indicates a great deal of opportunity for an optimizer that can exploit path profiling. We have described techniques to improve the accuracy of our work, as well as approaches to extend the work for analyzing phased behavior in conditional branches.
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