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A Sampling Method Focusing on Practicality *

In the past few years, several research works have demonstrated that sampling can drastically speed up architecture simulation, and several of these sampling techniques are already largely used. However, for a sampling technique to be both easily and properly used, i.e., plugged and reliably used into many simulators with little or no effort or knowledge from the user, it must fulfill a number of conditions: it should require no hardware-dependent modification of the functional or timing simulator, it should simultaneously consider warm-up and sampling, while still delivering high speed and accuracy.

The motivation for this article is that, with the advent of generic and modular simulation frameworks like ASIM, Sys-temC, LSE, MicroLib or UniSim, there is a need for sampling techniques with the aforementioned properties, i.e., which are almost entirely transparent to the user and simulator agnostic. In this article, we propose a sampling technique focused more on transparency than on speed and accuracy, though the technique delivers almost state-of-the-art performance. Our sampling technique is a hardware-independent and integrated approach to warm-up and sampling; it requires no modification of the functional simulator and solely relies on the performance simulator for warm-up. We make the following contributions:

(1) a technique for splitting the execution trace into a potentially very large number of variable-size regions to capture program dynamic control flow, (2) a clustering method capable of efficiently coping with such a large number of regions, (3) a budget-based method for jointly considering warm-up and sampling costs, presenting them as a single parameter to the user, and for distributing the number of simulated instructions between warmup and sampling based on the region partitioning and clustering information.

Overall, the method achieves an accuracy/time tradeoff that is close to the best reported results using clustering-based sampling (though usually with perfect or hardware-dependent warm-up), with an average CPI error of 1.68% and an average number of simulated instructions of 288 million instructions over the Spec benchmarks. The technique/tool can be readily applied to a wide range of benchmarks, architectures and simulators, and will be * This article is a modified version of the article originally published at IEEE Micro. In the IEEE Micro version, we compared our clustering technique against the technique used in SimPoint 2.0; in this version, we compare against SimPoint 3.0, where the speed of clustering was largely improved. used as a sampling option of the UniSim modular simulation framework.

Introduction and Related Work

Sampling is a delicate balance or tradeoff between simulation accuracy, overall simulation time, and practicality (scope of target architectures, user effort, transparency for the user). All these characteristics are important for a sampling technique to be efficient and useful for architecture researchers. SimPoint [START_REF] Sherwood | Automatically characterizing large scale program behavior[END_REF] can be credited for sparking a surge of interest in sampling because the technique is both efficient and easy to use. Considering the achievements of SimPoint and of later techniques/improvements [START_REF] Wunderlich | SMARTS: accelerating microarchitecture simulation via rigorous statistical sampling[END_REF][START_REF] Liu | EXPERT: expedited simulation exploiting program behavior repetition[END_REF][START_REF] Lau | Motivation for Variable Length Intervals and Hierarchical Phase Behavior[END_REF][START_REF] Wenisch | TurboSMARTS: Accurate Microarchitecture Simulation Sampling in Minutes[END_REF], do we need to push sampling research any further? Most sampling techniques have been applied to a specific simulator. However, with the advent of modular simulation frameworks such as ASIM [START_REF] Emer | Asim: A performance model framework[END_REF], SystemC [START_REF]Systemc v2.0.1 language reference manual[END_REF], the Liberty Simulation Environment (LSE) [START_REF] Vachharajani | Microarchitectural Exploration with Liberty[END_REF], MicroLib [START_REF] Gracia Pérez | MicroLib: A Case for the Quantitative Comparison of Micro-Architecture Mechanisms[END_REF] or UniSim [START_REF]UNISIM: UNIted SIMulation environment[END_REF], there is a need for a sampling technique which is as independent as possible of the simulator/target architecture. In such frameworks, the simulation is driven by a generic engine which calls the different simulator modules, so any sampling technique would have to be plugged directly in the engine itself. But plugging a sampling technique within the engine would also have the benefit of automatically providing the sampling capability to almost any simulator written for that framework. However, since the engine can be used to simulate a large range of architectures, the sampling technique must be as architecture-independent as possible, so the user can transparently use this capability. Note also that modular simulators are typically 10 to 20 times slower than monolithic simulators like Sim-pleScalar, so that sampling is critical for them. After surveying existing sampling techniques, we concluded that, in spite of significant recent progress, they still do not achieve a satisfactory accuracy/time/practicality tradeoff for end-users. We feel it is important to explain why in details, in order to better expose the rationale and con-tributions of this article. Let us first characterize what a good accuracy/time/practicality tradeoff should be.

We consider a good accuracy target is of the order of one or a few percent, because designing an architecture mechanism is a trial-and-error process composed of many "micro decisions" (parameter values selection, choosing against two architecture options, etc. . . ) based on simulation results which often correspond to small performance differences.

With respect to time, the functional simulation time largely dominates the overall simulation time (timing simulation of sampling intervals plus functional simulation between sampling intervals) because the sampling intervals only correspond to a few percent of the total number of instructions in the program trace, so improving sampling efficiency (reducing the total sample size) would bring little improvements in that context. However, recent studies, such as TurboSMARTS [START_REF] Wenisch | TurboSMARTS: Accurate Microarchitecture Simulation Sampling in Minutes[END_REF], SimPoint with LVS (Load Value Sequence) and MHS (Memory Hierarchy State) [START_REF] Van Biesbrouck | Efficient Sampling Startup for Sampled Processor Simulation[END_REF], show that checkpointing can drastically reduce overall simulation time of sampling techniques (from a few hours to a few minutes per benchmark) by getting rid of functional simulation. Considering the speedup factor brought by checkpointing, and considering the advent of more complex processor architectures (more complex superscalar processors, multi-cores) and slower modular simulation, checkpointing will likely become a necessary complement to sampling techniques in the near future. Assuming checkpointing will become a common feature, overall simulation time becomes again entirely determined by the number of simulated instructions. In other words, reducing the sampling size by X% reduces the overall simulation time by X% as well. Since this article is solely concerned with the sampling technique (not functional simulation vs. checkpointing), and since the proposed sampling technique is perfectly compatible with a checkpointing technique, throughout the article, time will denote the number of simulated instructions (as opposed to overall simulation time), and we will thus focus on reducing the total number of simulated instructions.

Finally, practicality may be the least measurable characteristic of the sampling tradeoff, but one should not forget that, in the end, scope and ease of use are just as important as efficiency for users to adopt a new methodology. Considering architecture researchers have been using the crude approach of randomly picking traces of arbitrary sizes for a long time, it is a safe bet to assume they will discard any technique that is not simple enough to use or which imposes too many restrictions. Among the three components of the sampling tradeoff (accuracy, time and practicality), we believe that the least attention has been paid to practicality. The rationale of this article is to achieve a good accuracy/time tradeoff without degrading practicality. We explain below why recent sampling techniques still have significant practicality limitations, especially when it comes to warm-up.

Why current sampling techniques are not yet satisfactory, from a practicality perspective.

Arguably, the current best sampling techniques are SimPoint [START_REF] Sherwood | Automatically characterizing large scale program behavior[END_REF][START_REF] Perelman | Using SimPoint for accurate and efficient simulation[END_REF][START_REF] Perelman | Picking Statistically Valid and Early Simulation Points[END_REF][START_REF] Lau | Structures for Phase Classification[END_REF][START_REF] Lau | Motivation for Variable Length Intervals and Hierarchical Phase Behavior[END_REF][START_REF] Van Biesbrouck | Efficient Sampling Startup for Sampled Processor Simulation[END_REF], SMARTS/TurboSMARTS [START_REF] Wunderlich | SMARTS: accelerating microarchitecture simulation via rigorous statistical sampling[END_REF][START_REF] Wenisch | TurboSMARTS: Accurate Microarchitecture Simulation Sampling in Minutes[END_REF], and EXPERT [START_REF] Liu | EXPERT: expedited simulation exploiting program behavior repetition[END_REF]. There are two possible approaches for selecting sampling intervals: either (1) pick a large number of uniformly (or randomly) selected small intervals, or (2) pick a few but large and carefully selected intervals. SMARTS adopts the former approach and uses uniform sampling with a large number of very small intervals, and achieves one of the best accuracy/time tradeoff (0.64% CPI error/50 million instructions on the Spec benchmarks and SimpleScalar [START_REF] Burger | Evaluating Future Microprocessors: The SimpleScalar Tool Set[END_REF]). However, due to the small size of intervals (around 1,000 instructions), it must continuously warm-up the main SRAM structures in the functional simulator (especially the caches, possibly the branch predictors), which is thus called functional warm-up. The main limitation of this approach is practicality not efficiency: a range of cache mechanisms, for instance prefetching mechanisms, do not lend well to this warm-up approach. Prefetching naturally affects cache behavior, so the prefetching mechanism should be added to the functional simulator as well, but it requires timing information, which the functional simulator does not have. Moreover, with this approach to warm-up, whenever an architecture optimization affects a large processor SRAM structure (cache, branch predictor, TLB,. . . ), it should ideally be implemented in both the functional and timing simulator. This is fairly impractical if not impossible, for some mechanisms, such as for prefetching. It also adds a software engineering burden to the user. It must be noted though that the same authors recently proposed to embed the warm-up information in the simulator modules of their FLEXUS [START_REF]Flexus[END_REF] infrastructure in order to reduce that burden. The same authors also proposed TurboSMARTS which obviates functional warm-up by checkpointing micro-architectural state such as the content of SRAM, DRAM and register structures. While this method drastically improves overall simulation time by getting rid of full-program functional simulation, it has similar practicality restrictions related to architecture dependence. The authors show how to partially relax these constraints so that the checkpoints can be reused when some architecture parameters vary, but they acknowledged that the method is difficult to adapt to some structures, such as modern branch predictors. Still, more recently, Barr et al. [START_REF] Barr | Branch trace compression for snapshot-based simulation[END_REF] have proposed to compress all the trace information required for warming branch predictors; this approach enables to tackle a wider range of branch predictors, though it is still specific to that type of architecture components. EXPERT [START_REF] Liu | EXPERT: expedited simulation exploiting program behavior repetition[END_REF] adopts the second sampling approach, i.e., wisely picking a few intervals of different sizes; the selection is based on characteristic program constructs, such as loops or subroutines. This program-aware approach to interval selection brings excellent accuracy (0.89% of CPI error and 1 billion1 simulated instructions on average, again on Spec benchmarks and SimpleScalar). However, because of the small interval granularity/size, it has to resort to continuous warm-up in the functional simulator like SMARTS, with the same practicality limitations. EXPERT can achieve further gains in accuracy and time by pre-characterizing sampling intervals using simulations, but again, this approach raises significant practicality and stability issues when the architecture varies. Also, EXPERT uses checkpointing to drastically reduce simulation time, like TurboSMARTS, but it is again based on micro-architectural state (caches and branch predictors), i.e., architecture-dependent warm-up. The original SimPoint version [START_REF] Sherwood | Automatically characterizing large scale program behavior[END_REF] was the first step toward wisely picking sampling intervals, based on basic block frequency characteristics. However, having few but large intervals achieved a poorer accuracy/time tradeoff than SMARTS and EXPERT later did (CPI error of 3.7% and 500 million instructions, again with the same benchmarks and simulator). Even though most SimPoint articles assume perfect warm-up (implemented using functional warm-up) [START_REF] Sherwood | Automatically characterizing large scale program behavior[END_REF][START_REF] Perelman | Picking Statistically Valid and Early Simulation Points[END_REF][START_REF] Lau | Structures for Phase Classification[END_REF], the original sampling interval sizes were large enough (100 million instructions) that good accuracy could be achieved without warm-up; and our own SimPoint experiments confirm that warm-up has little impact with such large traces. In the past few years, the SimPoint group has experimented with more but smaller intervals (10 and 1 million instruction intervals and a maximum of 300 simulation points [START_REF] Perelman | Picking Statistically Valid and Early Simulation Points[END_REF][START_REF] Lau | Structures for Phase Classification[END_REF]) in order to achieve a better accuracy/time tradeoff, and eventually, they recently proposed a variable-length interval technique [START_REF] Lau | Motivation for Variable Length Intervals and Hierarchical Phase Behavior[END_REF], in the spirit of EXPERT, but with a different interval selection approach. While this latter technique exhibits again very good accuracy ( 2.5% of CPI error over 9 Spec benchmarks), the simulation time is still long ( 1 billion instructions); it also assumes again perfect warm-up before the sampled intervals, which makes it difficult to evaluate the actual accuracy/time/practicality tradeoff.

In this article, we focus on practicality, and take a holistic approach by considering sampling (trace partitioning), clustering (sample selection), and warm-up together. We make no compromise on practicality by strictly relying on the timing simulator for warm-up, as opposed to the functional simulator or checkpointing. In other words, it is not necessary to implement caches, TLBs, or branch-prediction tables warm-up in the functional simulator, or to have checkpoints include micro-architectural state. We set an accuracy goal on the same order of SMARTS/TurboSMARTS, EXPERT or SimPoint VLI, e.g., on the order of a one or few percent, and we then try to minimize the number of total simulated instructions (warm-up and measurement). Though our number of simulated instructions is higher than for SMARTS/TurboSMARTS (50 million instructions), we have no restrictions on practicality, due to functional simulator/checkpointing warm-up. Moreover, this approach will enable the replacement of functional simulation with micro-architecture-independent checkpointing for further reducing overall simulation time, without the need to resort to micro-architectural state checkpointing as in TurboSMARTS.

We achieve these results through a method which combines several contributions. (1) First, our technique splits the trace into variable-size regions to capture program dynamic control flow [START_REF] Gracia Pérez | Budgeted Region Sampling (BeeRS): Do Not Separate Sampling From Warm-Up, And Then Spend Wisely Your Figure 8: Distribution of the number of measurement and warmed-up instructions with the budget approach[END_REF]. The main benefit of variable size regions is to decompose the program trace into a very large number of regions. Smaller regions are better for sampling accuracy, but they have two caveats: they are more sensitive to warm-up, and they increase the number of regions, straining clustering techniques. Our method avoids both caveats because some of the regions remain large and thus less sensitive to warm-up, and the presence of these large regions keeps the total number of regions reasonable. In some sense, it performs a kind of programaware "pre-clustering", a bit as if the trace had been split into very small regions and then later clustered into larger ones, but without incurring the high cost of clustering a huge number of very small regions. (2) Because the resulting number of regions is still high, we found that standard clustering techniques [START_REF] Pelleg | X-means: Extending K-means with Efficient Estimation of the Number of Clusters[END_REF], as used for fixed-size 1million intervals in SimPoint, were not appropriate (they become fairly time-consuming). As a result, we have developed a new clustering technique, called IDDCA [START_REF] Gracia Pérez | IDDCA: A New Clustering Approach For Sampling[END_REF]. Since then, a new version of SimPoint, SimPoint 3.0 [START_REF] Hamerly | Simpoint 3.0: Faster and More Flexible Program Analysis[END_REF], has been implemented, which significantly increases the performance of SimPoint; the improvements brought by SimPoint 3.0 are orthogonal, and thus potentially com-plementary, with our approach. The second motivation for this new clustering technique is to integrate clustering with our budget approach to decide which intervals should receive the largest share of the budget. ( 3) Finally, we propose a budget-oriented method for distributing the simulation time among both warm-up and performance measurement. The total budget is set by the user according to the maximum accepted simulation time. The budget allocated to a given cluster representative interval (the simulated interval for this cluster) is proportional to the importance of this cluster with respect to the whole trace. And within that cluster budget, the warm-up budget is inversely proportional to the size of the cluster representative interval.

The method achieves an average CPI error of 1.68% and 288 million total simulated instructions per benchmark, over the Spec benchmark suite.

Section 2 presents our method for partitioning the program trace into regions, and how it compares to existing variable-sized sampling intervals methods. Section 3 presents the IDDCA clustering algorithm. Section 4 combines our region partitioning and clustering techniques with a budget-based approach for allocating simulated instructions among warm-up and performance measurement intervals. Section 5 provides an experimental evaluation of our technique.

Program Partitioning Into Regions

We describe our approach for partitioning the trace into a very large number of regions. As mentioned above, we use a variable-size approach to have the benefits of both a large number of regions for sampling accuracy, and having several large regions, less sensitive to warm-up.

Recently, EXPERT and SimPoint VLI explored variable-size regions with positive results on accuracy. However, we decided not to retain the EXPERT nor the SimPoint VLI program partitioning methods for the following reasons.

EXPERT partitioning. The principle of EXPERT is to partition the program based on subroutines, with a distinction between long, short and infrequently executed subroutines, then to characterize the performance variability of these subroutines using simulation, and then to select the number and location of subroutine representatives. Beyond the practicality issue mentioned in the introduction, and related to continuous warm-up, this partitioning/characterization method has two flaws: the characterization is hardware-dependent and it heavily relies on loops. Hardware-dependent characterization means a code must be simulated on an architecture, before it can be sampled on that architecture. If the target architecture changes, it is hard to anticipate the consequences for the characterization. Loop-based subroutine characterization may also be an issue for codes with complex control flow behavior (multiple if statements within a procedure, recursion, etc), and not surprisingly EXPERT demonstrates better results with SpecFp than with SpecInt.

Consider the example of Figure 1 which corresponds to a sequence of basic blocks within the program static control flow graph; each lettered node denotes a basic block. Assuming BEF is a large loop called within an even larger loop ABDCE, EXPERT would most likely define an interval that encapsulates BEF only; multiple invocations of the BEF loop would breed multiple intervals.

SimPoint VLI partitioning. SimPoint VLI adopts a different approach, though also based on loops and procedures. Each code structure is numbered and then the trace is viewed as a sequence of identifiers. Then the Sequitur [START_REF] Larus | Whole program paths[END_REF][START_REF] Nevill-Manning | Compression and Explanation Using Hierarchical Grammars[END_REF] hierarchical pattern matching algorithm is used to identify repeating sequences of variable size within the trace. The main issue with this approach is that it relies on the exact match between two sequences within the trace. Programs with complex control flow due to non-trivial if statements behavior, may exhibit many different sequences and/or may only enable exact matching for smaller sequences. Therefore, after this pattern matching phase, the SimPoint VLI technique applies several heuristics to relieve this exact match constraint in order to obtain longer sequences.

Consider again the example of Figure 1. Sequitur would partition the sequence into two main recurring parts, i.e., ABDCE and BEF. As mentioned above, Sim-Point VLI adds several heuristics for improving the flexibility of this sequence partitioning. Region-Based partitioning. Our program partitioning approach is based on the principle that programs can exhibit complex control flow behavior, even within phases. More precisely, the very principle of phases means that programs usually "stay" within a set of static basic blocks for a certain time, then move to another (possibly overlapping) set of basic blocks, and so on. This set of basic blocks can span small code sections such as loops or several subroutines. Moreover, the order and frequency with which these basic blocks are traversed may be very irregular (e.g., if statements with very irregular behavior, subroutines which are called infrequently within looping statements, etc. . . ). We call such sets of basic blocks where the program "stays" for a while regions. These regions capture the program stability while accommodating its irregular behavior. We propose a simple method, composed of two rules, for characterizing these basic block regions:

1. Whenever the reuse distance between two occurrences of the same basic block (expressed in number of basic blocks) is greater than a certain time T , the program is said to leave a region.

2. After the program has left a region, application of rule 1 is suspended during T basic blocks, in order to "learn" the new region.

Implicitly, the method progressively builds a pool of basic blocks: whenever a new basic block is accessed, it examines whether this basic block has been recently referenced (less than T ago); if so, it assumes the program is still traversing the same region of basic blocks; if not, it assumes the program is leaving this region. Then, the second rule gives time for the program to build the new pool of basic blocks. Consider again the example of Figure 1. Because A,B,C,D,E, and F are assumed to be all referenced within a time interval smaller than T , they all belong to the same region, in spite of the sometimes irregular control flow behavior. G,H, and I mark the beginning of a new region because their reuse distance is greater than T .

Since T determines which reuse distances are captured by regions, a fixed value of T can potentially miss key reuses in certain programs or conversely insufficiently discriminate regions in other programs. 2 We use a benchmark-tolerant method to capture "enough but not too many" reuses. The method sets T for each benchmark such that a fixed percentage P of reuse distances are captured in regions, and we experimentally found gram, the total number of regions is not excessively high (several tens thousands to a few hundreds thousands). But it is large enough that the k-means [START_REF] Pelleg | X-means: Extending K-means with Efficient Estimation of the Number of Clusters[END_REF] clustering method used in SimPoint would take an excessively long time (of the order of one day per benchmark). The IDDCA clustering method presented in the next section can reduce clustering time by more than two orders of magnitude.

Clustering a Large Number of Regions

Using IDDCA

In this section, we present our technique for clustering a large number of regions. Below, we indifferently use the term "region" or the more classic term "interval". The distance between two intervals is defined as the distance between their two Basic-Block Vectors, as proposed in Sim-Point [START_REF] Sherwood | Automatically characterizing large scale program behavior[END_REF].

The popular k-means clustering technique has three main shortcomings: (1) the method works by randomly selecting intervals at the start-up phase, so that several runs of the method on the same trace may not provide the same sampling intervals, and thus the same accuracy results; (2) the number of clusters is a user-selected parameter, but it is sensitive to benchmarks/traces, so that inappropriately setting this parameter can degrade either simulation time or accuracy; (3) the method requires multiple passes which may be impractical for a large number of intervals.

We ran the default SimPoint 2.0 clustering script (runsimpoint; default parameters except for max k = 100) on our region partitioning in order to evaluate its execution time. k-means requires 21 hours per benchmark, on average, on an Athlon XP 2800+, (and up to two days for crafty), against 9 minutes on average for IDDCA (and 44 minutes for crafty), see Figure 2. SimPoint version 3.0 [START_REF] Hamerly | Simpoint 3.0: Faster and More Flexible Program Analysis[END_REF] has significantly improved the performance of the clustering time, essentially by reducing the number of intervals in the trace to which clustering is applied, see Figure 3. With this new approach, SimPoint 3.0 is able to perform clustering from 10 to 50 times faster than Sim-Point 2.0 while keeping the same accuracy results. Note that the approach used in SimPoint 3.0 is orthogonal to the approach used in IDDCA so we expect IDDCA to benefit as well from intervals reduction, but we have not yet evaluated the combined technique. IDDCA algorithm. Our clustering method is called ID-DCA (Interleaved Double DCA), and it is derived from the Dynamical Clustering Analysis (DCA) [START_REF] Baune | Dynamical Cluster Analysis of Cortical fMRI Activation[END_REF] clustering method, and adapted to sampling. IDDCA is an online algorithm, clustering regions one at a time, constantly refining the number of clusters and their centroids. This dynamic process relies upon three different parameters: Θ new , Θ merge and Θ step f actor .

Intuitively, Θ new , Θ merge and Θ step f actor control the creation and merging of clusters. Θ new and Θ merge are threshold distance parameters for respectively determining when a point is far enough from other clusters to induce the creation of a new cluster, or close enough from an existing cluster to be merged into it. Θ step f actor determines the rate at which these threshold distances change. Θ new and Θ merge are initialized using a simple heuristic: 10% of the distance between the global centroid (centroid of all regions) and the farthest region. Θ step f actor is related to the number of data points, but the clustering method is robust enough to tolerate the same Θ step f actor value across all Spec benchmarks, empirically set to Θ step f actor = 10 -5 .

IDDCA starts with two elements:

• An empty cluster list;

• And the list of regions to cluster (called R). The regions are regularly interleaved in this list, because it makes the online clustering method less sensitive to the original program trace order. Let us assume there are N regions in the trace and the interleaving factor is I, then the list is the following: The method is fairly insensitive to interleaving for I ≥ 2 and we selected I = 10 for all benchmarks. Note that randomly picking regions would have performed similarly well or better, and was not used simply due to implementation constraints.

Then, the IDDCA algorithm is the following one:

1. Pick a region (r) from the list of regions R; if there is no cluster yet, create a first cluster containing region r and go to step 5.

2. Find the cluster (c i ) with the closest centroid to the current region r and compute the distance (d) between r and the centroid of c i .

3. If d is greater than Θ new , then create a new cluster containing the current region r.

4. If d is less or equal to Θ new then:

• Add r to cluster c i and update c i centroid accordingly. • Find the cluster (c j ) with the closest centroid to that of c i . If the distance between the centroids of c i and c j is less or equal to Θ merge then merge the two clusters into a unique one and compute its centroid.

• Update Θ new and Θ merge thresholds so as to make cluster creation and merger more difficult. For that purpose, increase Θ new and decrease Θ merge as follows:

Θ new = Θ new / (1 -Θ step f actor ) and Θ merge = Θ merge × (1 -Θ step f actor ).
5. Remove r from the list of regions R. If there are no more regions in R, then the process terminates, otherwise go to step 1.

At the end of this process IDDCA has created a set of clusters. If one of the clusters contains more than 90% of the regions, then IDDCA is hierarchically applied again within this cluster; until clustering is spread enough (no cluster accounts for 90% or more of the regions). Finally, the instructions which must be simulated (sampled) are the region individuals which are the closest regions to the clusters centroids, one per cluster. Weighted vs. Unweighted IDDCA. Because large regions represent a greater share of the global execution trace than small regions, regions should normally be weighed with their size when computing the centroid. SimPoint VLI is weighing intervals with their size when applying k-means. We decided not to weigh regions with their size in order to privilege a reduction of sampling size over accuracy. This choice was driven by initial sampling results which suggested an effort was required on size rather than accuracy.

Still, in order to investigate the effect of not weighing the clusters, we have run IDDCA clustering with weighted clusters. As expected, the total sampling size increases, and rather significantly (34%), see Figure 4. More surprisingly, the accuracy is lower with weighted clusters than with unweighted clusters: 2.00% CPI error for weighted clusters versus 1.62% for unweighted clusters, see Figure 5. The two observations combined empirically validate the unweighted approach.

The reason why unweighted clustering performs so well is related to both the size distribution of intervals within a cluster and to warming. Within the same cluster, interval size can vary significantly, even within intervals at approximately the same distance from the centroid. As a result, it is possible to sometimes drastically reduce the representative interval size without significantly affecting accuracy. Moreover, the results of Figure 4 already incorporate warming since we want to evaluate the best clustering strategy for our global method. Since the latter method is based on a fixed budget and distributes the budget between sampling and warming, any simulated instruction budget not consumed by sampling can be spent on warming. As a result, the overall accuracy of the method improves when smaller sampling interval representatives are selected. This latter property illustrates the benefits of properly integrating the different components of a sampling strategy.

Budget-Oriented Integration of Warm-Up and Sampling

Warm-up is implemented using the main simulator (as opposed to the functional simulator or checkpointing), so warm-up and performance measurement share the same simulation budget. Because simulation is costly, we must take great care to wisely allocate the simulated instructions. And due to both variable-size regions and warmup implemented through simulation, we must determine what is the budget allocated to each cluster (one region representative is simulated per cluster). The general philosophy is: spend the budget where it's most needed (and in the process, try to minimize the total needed budget).

In that spirit, we make two simple observations. (1) The weight of each cluster should be factored in when allocating its (warm-up and measurement) instruction budget; the cluster weight is defined as the total number of trace (dynamic) instructions in the cluster, which is itself the sum of the lengths of all intervals in the cluster. And (2) the length of each cluster representative region should be factored in when determining the warm-up size for this region.

Let us go back to observation [START_REF] Barr | Branch trace compression for snapshot-based simulation[END_REF]. The goal of clustering methods, such as IDDCA or k-means, is to find a representative for each cluster of regions. Not all clusters contain the same total number of instructions; for instance, the cluster sizes range from 57,193 instructions to 430 billion instructions in sixtrack. Naturally, when extrapolating performance statistics collected for each cluster representative to the whole program trace, the relative weight of each cluster is factored in. Unlike for the clustering method, this weighing has only an impact on accuracy, not size. Weighing means that the performance measurement of some of the representatives will have a greater impact on the total estimated performance than others. So, we should allocate a greater share of the simulated instruction budget to representatives of large clusters in order to more accurately estimate their performance.

The number of simulated instructions allocated per region consists of the region size plus the additional instructions simulated for warm-up purposes. Which brings observation (2). If a cluster representative region is large (the representative itself, not necessarily the cluster), then it will need less warm-up instructions as the start-up effect will be diluted in the simulation of the cluster representative region. Conversely, small representative regions need significant warm-up, which is a key reason why SMARTS and EXPERT use continuous functional simulator/checkpointing-based warm-up. Determining measurement and warm-up sizes. Let us call B the total instruction budget, i.e., the maximum number of simulated instructions (including warm-up). Let us number clusters i, with 1 ≤ i ≤ k, where k is the total number of clusters, and let us call S i the total size (in number of instructions) of cluster i; the clusters are ordered by decreasing size, i.e., S i > S j , if i < j. f i is the weight factor of cluster i over the whole program trace size (f i = Si r=1..k Sr ), and s i is the size of the representative region of cluster i.

Because of observation (1), we distribute the budget for each cluster based on the global weight f i of the cluster. For that purpose, we define B i as the maximum simulation budget for cluster i (measurement and warm-up);

B 1 = B × f 1 and B i = (B - j=1..i-1 B j ) × fi l=i..k f l , ∀ i > 1,
which can be simplified to B i = B × f i if all the clusters are considered, i.e. i=1..k f i = 1. The actual number of simulated instructions for cluster i is r i + w i where r i is the measurement size (it is a subset of the representative of cluster i), and w i is the warm-up size. Since the measurement size r i must be smaller than the budget B i , i.e., r i = min(s i , B i ), we sometimes need to truncate the simulation of the cluster representative. It rarely degrades accuracy, thanks to the looping behavior which is at the core of our region-partitioning scheme.

Because of observation (2), we preferably allocate warm-up instructions to small samples, within the constraint of budget B i , i.e., w i = B i -r i . The warm-up instructions w i are instructions preceding the representative of cluster i. Now, due to our region-based partitioning approach, these instructions may reference code sections and data structures which are distinct from the ones referenced in the representative. To avoid simulating useless warm-up instructions, we use the BLRL [START_REF] Eeckhout | Accurately Warmed-up Trace Samples for the Evaluation of Cache Memories[END_REF] (Boundary Line Reuse Latency) technique for determining the size of the useful warm-up interval. BLRL is an architecture-independent method which consists in collecting the memory addresses and branch instruction addresses used in the sampled interval, and to identify the earliest point in the trace before the interval where they will be all accessed. By starting the warm-up at that point, most SRAM structures are likely to be adequately warmed-up (e.g., the first access to an address will be correctly identified as a hit or a miss) independently of the SRAM structures sizes. However, under that constraint, the actual warm-up interval per sampled region can be very large (e.g., parser requires more than 2 billion warm-up instructions for a region of only 1.8 million instructions). For that reason, the authors propose to set a percentage threshold of the sampled interval addresses covered in the warm-up interval, thereby relaxing the constraint and significantly reducing the warm-up interval size (we used a threshold of 95% across all benchmarks). Still, because our budget approach introduces a size constraint on the warm-up interval, we slightly modify BLRL by limiting the warm-up size to w i .

Evaluation

For evaluation purposes, we used the SimpleScalar [START_REF] Burger | Evaluating Future Microprocessors: The SimpleScalar Tool Set[END_REF] 3.0b toolset for the Alpha ISA and experimented with all 26 Spec CPU2000 benchmarks. To create the regions we used the sim-fast functional simulator. Table 2 shows the microarchitecture configuration used for our experiments. Figures 6 and7 respectively show the number of instructions and accuracy for our budget approach (setting the budget to B = 500M instructions), and different configurations of SimPoint (the maximum number of samples is set to 50 for 10M intervals, and to 100 for 1M intervals, so as to provide a fair accuracy/size comparison). We use perfect warm-up for SimPoint as in most of the articles [START_REF] Sherwood | Automatically characterizing large scale program behavior[END_REF][START_REF] Perelman | Picking Statistically Valid and Early Simulation Points[END_REF][START_REF] Lau | Structures for Phase Classification[END_REF][START_REF] Lau | Motivation for Variable Length Intervals and Hierarchical Phase Behavior[END_REF] (recall SimPoint treats sampling as an issue independent from warm-up); we sometimes use no warm-up for comparison purposes. As mentioned in the introduction, while the accuracy of SimPoint 10M is barely sensitive to warm-up, SimPoint 1M becomes fairly sensitive (from 0.7% down to 2.4%), and the trend can only worsen as the sample size decreases. Therefore, while SimPoint 1M requires little instructions compared to SimPoint 10M or our budget approach with warm-up, it would actually require additional instructions for warmup in order to preserve its accuracy. Our budget approach has lower accuracy but requires fewer instructions than SimPoint 10M. More importantly, our contribution does not lay so much in this instruction budget reduction, but in the fact that the user needs not worry about setting the appropriate sample and warm-up sizes for a new given program, it is all integrated in the partitioning and budgeting approach. All the user needs to set/decide is the maximum simulation budget (i.e., time).

Still, for several cases, especially eon and vpr, our budget approach performs significantly worse than Sim-Point. Some programs have very small but frequently recurring regions, which translates into clusters with many small intervals. And performance is more variable across small intervals, i.e., it is harder to reach steady-state performance after just a few hundred thousands instructions. This is in part due to the higher influence of start-up state on performance for such small intervals. This variability, in turn, can result into significant performance estimation error. As shown in Table 1, eon and vpr have particularly small regions on average, around 400,000 instructions. While small regions are not necessarily synonymous with performance variability and higher error, they are a potentially aggravating factor. Still, these two codes highlight more the necessity to fine-tune our heuristic than a shortcoming, since both codes use only around 20 million instructions for sampling, and 80 million overall, i.e., a small fraction of the total available budget of 500 million instructions. A possible extension of our method could be to simulate multiple intervals within clusters where the most representative intervals are small, e.g., 10% of the cluster budget. Not only it would average out the performance variability within such clusters, but it would also provide a means for estimating the error within such clusters. The latter would provide a significant enhancement to our technique because one of the shortcomings of clusteringbased techniques compared to statistical simulation techniques is that they cannot easily provide a confidence estimate of the error [START_REF] Perelman | Picking Statistically Valid and Early Simulation Points[END_REF].

Other codes like gap and perlbmk also behave worse than SimPoint 10M. However, it must be noted that Sim-Point 1M without warm-up behaves significantly worse in both cases as well. In fact these codes illustrate the difficulty of properly selecting both regions and warm-up size. They show that systematic techniques like SimPoint may perform well or poorly depending on how the user selects this interval size, unless the user is willing to engage in a trial and error process for selecting the size. Our budget approach may not be optimal, but it does attempt to shield the user from such decisions by selecting regions sizes automatically. We also evaluated our approach without any budget limitation and no budget spent on warm-up, see Budget Unlimited, Perfect warm-up (for the Perfect warm-up bars, none of the budget is allocated to warm-up). We can see that wisely allocating the budget allows drastic reductions of the number of simulated instructions in several cases, with limited impact on accuracy (from 1.62% to 1.68%). In some cases, the unlimited budget requires less instructions than the standard budget approach, because the latter includes warm-up. Overall, our allocation strategies result in a total budget which is significantly lower than the maximum accepted budget, set at B = 500 million instructions in these experiments. Figure 8 displays, for each benchmark, how our approach actually distributes its instruction budget between measurement and warm-up. Obviously, the number of simulated instructions devoted to measurement is rather low (only 84 million instructions on average). This value is close to the number of instructions simulated by Sim-Point with 1 million instructions samples (71 million instructions). Warm-up uses most of the instruction budget, with an average of 70% of the total number of simulated instructions. This observation suggests that warm-up and sampling should not be considered separately, especially if the goal is to develop an architecture-independent sampling method by implementing warm-up through simulation.

Conclusions

The rationale for our sampling approach is that some of the most recent and efficient sampling techniques have practicality shortcomings due to their warm-up approach (in the functional simulator or by checkpointing microarchitectural state, or simply using perfect warm-up on the principle of separating sampling and warm-up issues). These shortcomings can make it difficult to explore specific and/or a large range of architectural organizations. They are not compatible either with current and upcoming modular simulation frameworks, where the sampling technique will be implemented in the common simulation engine; thus, it will have to be architecture-independent and transparent to the user. This technique will be one of the sampling options implemented in the UniSim framework under development.

Our sampling+warm-up approach focuses on transparency and architecture independence, and still achieves an accuracy/time tradeoff that is of the same order of magnitude as the best sampling techniques. There are three key features in our approach: a novel trace partitioning into variable-size regions which provides a useful compromise between many small intervals and few large intervals, a clustering technique capable of harnessing a large number of intervals, and a budget-oriented distribution of simulated instructions between warm-up and measurement.
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 2 Figure 2: Clustering time of IDDCA vs. k-means (logarithmic scale).
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 3 Figure 3: Clustering time of IDDCA vs. Estimated k-means in SimPoint 3.0.
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 4 Figure 4: Simulated instructions with IDDCA and weighted IDDCA (IDDCAW).
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 5 Figure 5: Simulation accuracy with IDDCA and weighted IDDCA (IDDCAW).
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 6 Figure 6: Number of simulated instructions with different sampling techniques.

Figure 7 :

 7 Figure 7: CPI error.

Table 2 :

 2 Baseline simulation model.

	Instruction	16K 4-way set-associative, 32 byte blocks,
	Cache	1 cycle latency
	Data	16K 4-way set-associative, 32 byte blocks,
	Cache	1 cycle latency
	L2 Cache	128K 8-way set-associative, 64 byte
		blocks, 12 cycle latency
	Main Memory	120 cycle latency
	Branch	hybrid -8-bit gshare w/ 2k 2-bit predictors
	Predictors	+ a 8k bimodal predictor
	O-O-O Issue	out-of-order issue of up to 8 operations
		per cycle, 64 entry re-order buffer
	Memory	load/store queue, loads may execute
	Disambiguation	when all prior store addresses are known
	Registers	32 integer, 32 floating point
	Functional	2-integer ALU, 2-load/store units,
	Units	1-FP adder, 1-integer MULT/DIV,
		1-FP MULT/DIV
	Virtual	8K byte pages, 30 cycle fixed TLB miss
	Memory	latency after earlier-issued
		instructions complete

This number is an approximation derived from the article figures.

Note however that we did observe very good average accuracy/time trade-offs for the same T value applied across all benchmarks.

 1shows T and the regions statistics obtained with P = 99.6%.

For some programs, the average region size is of the order of a few hundred thousands instructions, with some regions as small as a few thousands instructions in crafty. Thanks to a mix of large and small regions in each pro-