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Abstract

The ability to approximately answer aggregation queries accurately and efficiently is of great benefit for decision support and data mining tools. In contrast to previous sampling-based studies, we treat the problem as an optimization problem whose goal is to minimize the error in answering queries in the given workload. A key novelty of our approach is that we can tailor the choice of samples to be robust even for workloads that are “similar” but not necessarily identical to the given workload. Finally, our techniques recognize the importance of taking into account the variance in the data distribution in a principled manner. We show how our solution can be implemented on a database system, and present results of extensive experiments on Microsoft SQL Server 2000 that demonstrate the superior quality of our method compared to previous work.
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1 Introduction

In recent years, decision support applications such as On Line Analytical Processing (OLAP) and data mining for analyzing large databases have become popular. A common characteristic of these applications is that they execute aggregation queries on large databases, which can often be expensive and resource intensive. Therefore, the ability to obtain approximate answers to such queries accurately and efficiently can greatly benefit the scalability of these applications. One approach to address this problem is to use precomputed samples of the data instead of the complete data to answer the queries. While this approach can give approximate answers very efficiently, it is easy to see that identifying an appropriate precomputed sample that avoids large errors on an arbitrary query is virtually impossible, particularly when we take into account the fact that queries may involve selections, GROUP BY and join. To minimize the effects of this problem, previous studies have proposed using the workload to guide the process of selecting samples [1,8,14]. The hope is that by picking a sample that is tuned to the given workload, we can ensure acceptable error at least for queries in the workload. 

Despite recognizing the importance of workload information in picking samples of the data, previous studies suffer from three significant drawbacks. First, although the proposed solutions have intuitive appeal, the lack of a rigorous problem formulation leads to solutions that are difficult to evaluate theoretically. Second, they do not attempt to formally deal with uncertainty in the expected workload, i.e., when incoming queries are “similar” but not identical to queries in the given workload. Third, most previous studies ignore the variance in the data distribution of the aggregated column(s). As the following example shows, ignoring data variance can lead to extremely poor quality of answers for aggregate functions such as SUM:

Example 1. Consider a relation R containing two columns <ProductId, Revenue> and four records {<1, 10>, <2, 10>, <3, 10>, <4, 1000>}. Assume that we are allowed to use a sample S of two records from R to answer the query Q: SELECT SUM(Revenue) FROM R. We answer a query by running it against S and scaling the result by a factor of two (since we are using a 50% sample). Consider a sample S1 = {<1, 10>, <3, 10>}. The estimated answer for Q using S1 is 40, which is a severe underestimate of the actual answer (1030). Now consider another sample S2 = {<1,10>, <4,1000>}. The estimated answer for Q using S2 is 2020, which is a significant overestimate. Thus, large variance in the aggregate column can lead to large relative errors. 

In contrast to most previous sampling-based studies
, in this paper, we formulate the problem of precomputing a sample as an optimization problem, whose goal is to pick a sample that minimizes the error for the given workload. We show that when the actual workload is identical to the given workload (we refer to such a workload as fixed), we can achieve dramatically smaller errors using a deterministic solution to the optimization problem. Of course, such a solution is not resilient when the actual workload happens to deviate from the given workload. We therefore introduce a generalized model of the workload (lifted workload) that makes it possible to tune the choice of the sample so that approximate query processing using the sample is effective not only for workloads that are identical to the given workload, but also for workloads that are “similar” to the given workload (i.e., queries that select regions of the data that overlap significantly with the data accessed by the queries in the given workload) – a more realistic scenario. 

We formulate selection of the sample for such a workload as a stratified sampling problem with the goal to minimize error in estimation of aggregates. Our formulation makes the problem amenable to exploiting known techniques in stratified sampling and optimization. As a consequence, we have developed a robust approach to the problem of approximate query processing of SPJ queries with GROUP BY and aggregation. We have implemented our solutions on Microsoft SQL Server 2000, addressing the pragmatic issues that are central to an effective solution that can be deployed in a commercial DBMS. The benefits of our systematic approach are amply demonstrated not only by theoretical results, but also experimentally on synthetic as well as on a deployed enterprise data-warehouse in our organization. 

We begin by discussing related work in Section 2. We present an overview of our architecture for approximate query processing in Section 3. Our deterministic solution for the special case of a fixed workload is presented in Section 4. We describe a model for lifting a given workload in Section 5. We formulate the problem of approximate query answering using stratified sampling in Section 6. We present our solution to the optimization problem for single-table selection queries with aggregation in Section 7, and describe extensions necessary for a broader class of queries in Section 8. We describe our implementation and experimental results in Section 9, and summarize in Section 10.

2 Related Work

There have been several previous approaches for building precomputed samples for approximate query processing [1,8,14], primarily based on randomized techniques. We discuss these studies here from a theoretical/conceptual point of view. In Section 9, we provide an extensive experimental comparison of these methods with our solutions. For a review of well-known classical sampling techniques, see Appendix A. 

First, as mentioned in the introduction, a shortcoming common to most previous work is that they assume a fixed workload, i.e., their techniques do not cope with uncertainty in the expected workload. Both [8] and [14] present a seemingly intuitive idea based on weighted sampling. Each record in the relation R to be sampled is tagged with a frequency, i.e. the number of queries in the workload such that the record must be selected to answer the query. Once the tagging is done, an expected number of k records are selected in the sample, where the probability of selecting a record t with frequency ft is 
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Thus, records that are accessed more frequently have a greater chance of being included inside the sample. However, as the following example shows, this approach can lead to poor quality. Consider a set of k queries {Q1, … Qk} (where k is also the size of the sample) in the workload that reference disjoint partitions of records in R. Let a few queries reference large partitions and most queries reference very small partitions. Then, by the weighted sampling scheme described above most records in the sample will come from the large partitions. Therefore, with high probability, there will be no records selected from many of the small partitions. Thus the relative error in answering most of the queries will be large. A better strategy is to select one record from each partition and thereby answer all queries without error. Furthermore, [14] does not address the issue of variance of data in the aggregate column. However, a novelty of the paper is that it tackles the issue of maintaining and continuously refreshing a sample of records of R after a new query has been processed. 

The paper [8] attempted to address the problem of internal variance of data in the aggregate column (see Example 1). The basic idea is that outliers of the data (i.e. the records that contribute to high variance in the aggregate column) are collected into a separate index, while the remaining data is sampled using a weighted sampling technique. Queries are answered by running them against both the outlier index as well as the weighted sample, and an estimated answer is composed out of both results. This method too is easily seen to result in worse quality than our approach, since the concept of an outlier index + a (weighted) sample can be viewed as a special type of our approach using stratified sampling (see Appendix A), where the outliers form their own stratum that is sampled in its entirety. The idea of separately handling outliers has also appeared in the context of applying exploratory data analysis methods on data cubes [3,4].
The congressional sampling paper [1] has the most principled approach of the three papers. The authors advocate a stratified sampling strategy called Congress that tries to simultaneously satisfy a set of GROUP BY queries. Some key concepts of our paper (e.g. the concept of fundamental regions that we discuss later) have been influenced by it. However, their approach is still ad-hoc in the sense that even though they try to reduce the error, their scheme does not minimize the error for any of the well-known error metrics (see Appendix B for an example). Moreover, in our paper, we have addressed several issues ignored in [1] such as lifted workloads, internal variance in the data, and building a single sample for a heterogeneous mix of queries. 

There has been a large body of work on approximately answering a query by sampling on the fly rather than exploiting a precomputed sample and it offers another alternative approach. In general, on-the-fly sampling can be expensive, particularly in the presence of join and GROUP BY without extensive availability of statistics (histograms) and/or enhancements to the database engine. A notable example of on-the-fly sampling technique is in [16] to approximately answer SPJ queries with aggregation. In this work, they also identify enhancements to database engine needed to support progressive refinement of the approximate answer. 

In addition to sampling based methods, there have been other data reduction based approaches to approximate query processing, such as histograms [18,24] and wavelets [7,30,31]. As noted in [30], a general problem with histogram-based approaches is that they incur high storage overhead and construction cost as the dimensionality of the data increases. In [30,31], the authors argued the effectiveness of wavelets for handling aggregations over (high-dimensional) OLAP cubes. More recently, [7] showed how SQL operators can be applied directly on wavelet coefficients to efficiently produce approximate answers. There is an opportunity to exploit workload (specifically the lifted workload model) to enhance the effectiveness of wavelet-based techniques.  More extensive theoretical and experimental comparisons of data reduction based approaches and sampling based approaches are necessary to identify their relative strengths and weaknesses. For example, although [7] compares their approach to sampling, the comparison is limited to uniform sampling. Note that most of the sampling techniques based on workload, including our work, do not use uniform sampling. 

3 Architecture for Approximate Query Processing

3.1 Preliminaries

We present an overview of our architecture for approximate query processing on a relational database. We consider queries with selections, foreign-key joins and GROUP BY containing aggregation functions such as COUNT, SUM, and AVG. We assume that a pre-designated amount of storage space is available for selecting samples from the database. These samples, possibly in conjunction with other base relations, will be used for answering the queries approximately but efficiently. The techniques for selecting samples can be randomized (e.g., we may sample uniformly at random) or deterministic (e.g., we may select the best sample that minimizes the total error in the approximate answers). 

As with previous sampling-based studies [1,8,14], we have taken the approach of exploiting the available workload (provided as an input) to find samples that work well for queries in the given workload. A workload W is specified as a set of pairs of queries and their corresponding weights: i.e., W = {<Q1, w1>, … <Qq, wq>}, where weight wi indicates the importance of query Qi in the workload. Without loss of generality, we can assume that the weights are normalized, i.e., (iwi = 1. In practice, such a workload may be obtained using profiling tools available on most modern DBMSs that for logging queries that execute on the server.
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3.2 Our Architecture

Our architecture for approximate query processing is summarized in Figure 1. The inputs are a database and a workload W. For simplicity, we present our architecture for the case of a single relation R. There are two components in our architecture: (1) an offline component for selecting a sample of records from relation R, and (2) an online component that (a) rewrites an incoming query to use the sample (if appropriate) to answer the query approximately and (b) reports the answer with an estimate of the error in the answer. The novelty of this paper is in the first component. We present a method for automatically lifting a given workload, i.e., quantifying a generalized model of the workload. Our motivation stems from the fact that it is unrealistic to assume that incoming queries in the future will be identical to the given workload W. The key to lifting the workload is the ability to compute a probability distribution pW of incoming queries, i.e., for any incoming query Q, pW(Q) is the probability of Q. The subscript indicates that the distribution depends on W. Our algorithm then selects a sample that is resilient enough for such a lifted workload. We also show how we can select a sample that minimizes the error of answering queries in the (lifted) workload. This step is labeled “Build Samples” in the figure. 
An incoming query is rewritten to run against the samples instead of the base relation. For a multi-relation query, in addition to the samples, we may also reference other base relations to answer the query. As in previous work [1,8,14], we assume that each record in the sample also contains an additional column known as the ScaleFactor with each record
. The value of the aggregate column of each record in the sample is first scaled up by multiplying with the ScaleFactor, and then aggregated. We note that alternative schemes, as in [1], are possible where the ScaleFactor column is maintained in a separate relation than the sample. Such schemes incur reduced update and storage overhead at the expense of increased run time overhead. The techniques described in this paper are applicable independent of the specific scheme used. In addition to the approximate answer, we can also report the variance (or even a confidence interval) for the approximate answer. 

3.3 Error Metrics

We define the error metrics used to determine the quality of an approximate answer to an aggregation query. Suppose the correct answer for a query Q is y while the approximate answer is y’. We focus on relative error instead of absolute error, since the former is usually a fairer measure across queries. Relative error is defined as
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The squared error is defined as
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Now consider a GROUP BY query Q that induces g groups in the data. Suppose the correct answer for the ith group is yi while the approximate answer is yi’. The squared error in answering the query is 
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This error measure for a GROUP BY query has also been considered by [1,8]. In other words, a GROUP BY query can be treated as g SELECT queries, each of weight 1/g. 

Given a probability distribution of queries pW, the mean squared error for the distribution, MSE(pW), is defined as 
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 where pW (Q) is the probability of query Q. 

The root mean squared error (RMSE), also known as the L2 error, is defined as 
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Other error metrics are possible e.g., using the L1 metric (defined as the mean error over all queries in the workload) or L( metric (defined as the maximum error over all queries). In this paper, although we optimize for the MSE due to its long tradition in statistics, we can easily extend our techniques to optimize for the L1 metric. In fact, while our algorithms minimize MSE, we found that these solutions also do very well for the L1 metric. Since most previous work in this area report the L1 metric, our experimental comparisons also report the L1 metric. 

4 The Special Case of a Fixed Workload

In this section, we present a problem formulation and solution for the special case of a fixed workload, i.e., when the incoming queries are identical to the given workload. The motivation for presenting this case is to underscore the benefit of our approach of treating approximate query answering as an optimization problem. In fact, as shown below, this problem formulation allows us to use an effective deterministic scheme rather than the conventional randomization schemes considered in previous work. For simplicity, we describe the problem for the case of single table selection queries containing the COUNT or SUM aggregate. 

4.1 Problem Formulation 
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We frame the optimization problem FIXEDSAMP for the case of a fixed workload W. Recall that MSE(pW) (Section 3.3) is the mean squared error for the probability distribution of queries pW. MSE(W) is equivalent to MSE(pW) where a query Q has a probability of occurrence of 1 if Q(W and 0 otherwise. As described in Section 3.2, we need to associate additional column(s) with each record in the sample to allow scaling the values obtained by running the query on the sample. Observe that the problem formulation is general in the sense that it allows both randomized as well as deterministic solutions.

Before presenting our solution to FIXEDSAMP, we first define the key concept of fundamental regions of a relation induced by a workload.  Fundamental regions are important because they play a crucial role in determining an appropriate sample for the given workload. In fact, the concept of fundamental regions is also important in the context of our randomized sampling scheme that appears in Section 7. 

4.2 Fundamental Regions
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For a given relation R and workload W, consider partitioning the records in R into a minimum number of regions F = {R1, R2, …, Rr} such that for any region Rj, each query in W selects either all records in Rj or none. These regions are the fundamental regions of R induced by W. For example, consider a relation R (with aggregate column C) containing nine records (with C values 10, 20, …, 90), as shown in Figure 2. Let W consist of two queries, Q1 (which selects records with C values between 10 and 50) and Q2 (which selects records with C values between 40 and 70). These two queries induce a partition of R into four fundamental regions, labeled R1, … R4. 

The concept of finest partitioning into groups in [1] is similar to the concept of fundamental regions. In general the total number of fundamental regions r depends on R and W and is upper-bounded by min(2|W|, n) where n is the number of records in R. The algorithmic and implementation details of how to identify fundamental regions efficiently are discussed in Section 7.3.1.

4.3 Solutions for FIXEDSAMP

We present a deterministic algorithm called FIXED for solving FIXEDSAMP. Briefly, the algorithm has three steps. The first step identifies all fundamental regions. The second step selects the sample by picking exactly one record from each “important” fundamental region. The third step assigns appropriate values to additional columns in the sample records. We elaborate on these steps below.

Step1 (Identify Fundamental Regions): The first step is to identify the fundamental regions in R induced by the given workload W. Let r be the number of fundamental regions.

After Step 1, two cases arise that need to be separately processed: Case A (r ≤ k) and Case B (r > k). 

Case A (r≤ k): For this case our algorithm selects a sample that can answer queries without any errors. Details are as follows.

Step 2A (Pick Sample Records): We select the sample by picking exactly one record from each fundamental region. Thus for the example in Figure 2, we may pick the records with C values 10, 40, 60, and 80, i.e. one record from each fundamental region.

Step 3A (Assign Values to Additional Columns): The idea is that each sample record can be used to “summarize” all records from the corresponding fundamental region, without incurring any error. More precisely, for a workload consisting of only COUNT queries, we need a single additional column in the sample records (called RegionCount), in which we store the count of the number of records in that fundamental region. This allows us to answer a COUNT query without any errors by running it against the sample and simply summing up the RegionCount column of records selected from the sample by the query. For example, if the queries in Figure 2 were COUNT queries, the sample records chosen in Step 2A will contain an extra RegionCount column with values 3, 2, 2, and 2 respectively. Likewise, for a workload consisting only of SUM queries, we need a single additional column in the sample (called AggSum) that contains the sum of the values in the aggregate column for records in that fundamental region. For example, if the queries in Figure 2 were SUM queries, the sample records chosen in Step 2A will contain an extra AggSum column with values 60, 90, 130, and 170 respectively. If the workload contains a mix of COUNT and SUM queries, we need both the RegionCount and the AggSum columns. Note that if we include both these columns, we can also answer AVG queries.

Case B (r > k): This is a more difficult case. Our algorithm selects a sample that tries to minimize the errors in queries.

Step 2B (Pick Sample Records): Since r > k, we select k regions and then pick one record from each of the selected regions. Our heuristic for selecting k regions is to sort all r regions by their importance and then select the top k. The importance of region Rj is defined as fj*nj2, where fj is the sum of the weights of all queries in W that select the region, and nj is the number of records in the region. The intuition is that fj measures the weights of the queries that are affected by Rj while nj2 measures the effect on the (squared) error by not including Rj. While more complicated measures of importance are possible, in our experiments we found that the above heuristic does very well. We then pick exactly one record from each selected fundamental region. 

Step 3B (Assign Values to Additional Columns): Next, for the selected sample records, we determine the values of the RegionCount and AggSum columns. We could of course naively do exactly what was done in Step 3A, i.e. we store in the RegionCount and AggSum columns of each sample record the count and sum of the records of the corresponding fundamental region. However, note that the extra column values of a sample record are not required to have any obvious relationship with some characteristic of the corresponding fundamental region; all we care is that they contain appropriate values so that the error for the workload is minimized. 

Thus, we view the problem of assigning values to the RegionCount and AggSum columns of the k records selected in Step 2B as the following optimization problem. We have 2*k unknowns: {RC1, …, RCk} and {AS1, ….ASk}. It is straightforward to express MSE(W) as a quadratic function of these 2*k unknowns. We minimize this function by partially differentiating with each variable and setting each result to zero. This gives rise to 2*k simultaneous (sparse) linear equations, which we solve using an iterative technique (based on the Gauss-Seidel method [15]). In our experiments (Section 9) we see that FIXED is significantly more accurate than all randomized schemes for the given workload. We note that the disadvantage of this deterministic method is that a per-query (probabilistic) error guarantee is not possible.  

Observe that if the incoming query is not identical to a query in the given workload (a realistic scenario), using FIXED can result in unpredictable errors. Therefore, our goal is to incorporate a measure of robustness in our solution by optimizing for a more generalized model of the workload that would allow incoming queries to be similar but not necessarily identical to the given workload. 

5 Lifting Workload to Query Distributions

As mentioned earlier, we would like our approximate query processing scheme to not only perform well for incoming queries that exactly match one of the queries in the given workload, but also be resilient to the situation when an incoming query is “similar” but not identical to queries in the workload. In this section we tackle one aspect of the problem, i.e., defining this notion of similarity. More formally, we show how given W, we can define a lifted workload pW, i.e., a probability distribution of incoming queries. Intuitively, for any query Q’ (not necessarily in W), pW(Q’) should be related to the amount of similarity (dissimilarity) of Q’ to the workload: high if Q’ is similar to queries in the workload, and low otherwise. In Sections 7 and 8 we show how to leverage such a probability distribution in our approximate query processing solution. 

Our notion of similarity between queries is not concerned with syntactic similarity of query expressions. Rather, we say that two queries Q’ and Q are similar if the records selected by Q’ and Q have significant overlap. We focus on the case of single-table selection queries with aggregation containing either the SUM or COUNT aggregate (this intuition is refined for GROUP BY and join queries in Section 8). Let us consider the simplest case when the workload W consists of exactly one query Q on relation R. Let RQ be the records selected by Q. Our objective is to define the distribution p{Q} (i.e., for pW, where W = {<Q,1.0>}). Since for the purposes of lifting, we are only concerned with the set of records selected by a query and not the query itself, we make a change in notation for convenience: instead of mapping queries to probabilities, p{Q} maps subsets of R to probabilities
. For all R’(R, p{Q}(R’) denotes the probability of occurrence of any query that selects exactly the set of records R’.

For the moment, assume two parameters δ (½ ≤ δ ≤1) and γ (0 ≤ γ ≤ ½) have been specified. Informally, these parameters define the degree to which the workload “influences” the query distribution. More formally, for any given record inside (resp. outside) RQ, the parameter δ (resp. γ) represents the probability that an incoming query will select this record.

Given these two parameters, we can now derive p{Q}(R’) for any R’( R (i.e. the probability of occurrence of any query that exactly selects R’). Figure 3 shows a Venn diagram of R, RQ and R’, where n1, n2, n3, and n4 are the counts of records in the regions indicated. Equation 1 shows the derivation of p{Q}(R’). Note that when n2 or n4 are large (i.e., the overlap is large), p{Q}(R’)  is high  (i.e. queries that select RQ are likely to occur), whereas when n1 or n3 are large (i.e. the overlap is small), p{Q}(R’) is low (i.e. queries that select RQ are unlikely to occur). Once p{Q} has been defined, pW can be easily derived, as shown in Equation 2.
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Let us now discuss the problem of setting the parameters δ and γ. As mentioned earlier, the parameters define the degree to which the workload W influences the query distribution pW. We elaborate on this issue by analyzing the effects of (four) different boundary settings of these parameters.

δ ( 1 and γ ( 0: 
implies that incoming queries are identical to workload queries

δ ( 1 and γ ( ½: 
implies that incoming queries are supersets of workload queries

δ ( ½ and γ ( 0: 
implies that incoming queries are subsets of workload queries

δ ( ½ and γ ( ½: 
implies that incoming queries are unrestricted 

Using the above scenarios as guidelines, it may be possible for skilled database administrators to analyze their workload patterns, and manually set the parameters to values that best model their workloads. However, we also present a simple automated approach for parameter setting. The basic idea is to split the available workload into two sets, the training workload and the test workload. The parameters are selected using a two-dimensional grid search approach (based on [26]) such that the lifted training workload (under these settings) most closely fits the test workload. The implementation details of this method appear in Section 9.1. The grid search approach is effective and scalable with data size for low dimensional optimization problems such as ours, and our experiments (Section 9) indicate the approach is promising. We are also investigating alternative approaches such as randomized search and gradient descent.

The above represents a simple first attempt at lifting workloads in a rigorous manner. It is similar to kernel density estimation techniques for estimating probability distributions from samples [20,25]. The problem of automatically setting parameters δ and γ is similar to the problem of bandwidth selection in kernel density estimation. We are investigating whether known techniques for bandwidth estimation (bootstrap, cross-validation [25]) can be adapted in a scalable manner. Other methods for lifting a workload need to be studied in the future, e.g., modeling the query distribution as a mixture of Gaussians. In fact, the problem of lifting a workload is really orthogonal to the problem of approximate query processing, and we expect it to find applications in other areas.

In the next few sections, we develop an approximate query processing scheme, which will attempt to minimize the MSE of the lifted workload, i.e., for pW (which depends on W, δ and γ).

6 Rationale for Stratified Sampling

We now state the problem of identifying an appropriate sample as a formal optimization problem. For simplicity, we state the problem when the workload contains queries that reference a single relation R. The formulation can be easily extended for multi-table queries (see Section 8).
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In the above formulation, pW is any probability distribution function derived from the given workload W. For example, the lifting model presented in Section 5 can be used to obtain pW. In this section we show why uniform sampling cannot be effectively applied to SAMP, and justify our approach of adapting stratified sampling [13,19] to solve this problem. Stratified sampling is a well-known generalization of uniform sampling where a population is partitioned into multiple strata and samples are selected uniformly from each stratum, with “important” strata contributing relatively more samples (for a review of classical sampling results from statistics, please see Appendix A).

Now consider the following selection query with aggregation on relation R defined in Example 1 (Section 1). Q1 = SELECT COUNT(*) FROM R WHERE ProductId IN (3,4). Recall that R is the relation {<1, 10>, <2,10>, <3, 10>, <4,1000>}. We define the population of a query Q (denoted by POPQ) on a relation R as a set of size |R| that contains the value of the aggregated column that is selected by Q, or 0 if the record is not selected. By this definition, POPQ1 = {0, 0, 1, 1}. Observe that POPQ1 has a mix of 1’s and 0’s and thus has a non-zero variance. Thus, a uniform sampling of POPQ1 would be a poor choice for this problem since it would incur non-zero error. However, if we partition R into two strata {<1, 10>, <2,10>} and {<3, 10>, <4,1000>}, we effectively partition POPQ1 into two strata {0, 0} and {1, 1}. Each stratum now has zero variance, and a stratified sampling strategy that selects at least one sample from each stratum will estimate Q​1 with zero error. 

Note however, that this particular stratification may not work well for a different COUNT query whose population has a different distribution of 1s and 0s. For example, consider a query Q2 = SELECT COUNT(*) FROM R WHERE  ProductId IN (1,2,3). POPQ2 = {1, 1, 1, 0} and is different from POPQ1. As can be seen by this example, each query defines its own population of the same relation R, and therefore the challenge is to adapt stratified sampling so that it works well for all queries. An effective scheme will need to stratify the relation such that the expected variance over all queries in each stratum is small, and allocate more samples to strata with larger expected variances. 

For SUM queries, stratification is also governed by the additional problem of variance in the aggregate column. For example, consider query Q3 = SELECT SUM(Revenue) FROM R WHERE ProductID IN (1,4). POPQ3 = {10, 0, 0, 1000} and therefore has large variance. 

Thus, a stratified sampling scheme partitions R into r strata containing n1, ., nr records (where (nj = n), with k1, …, kr records uniformly sampled from each stratum (where (kj = k). As mentioned in Section 3.2, the scheme also associates a ScaleFactor with each record in the sample. Queries are answered by executing them on the sample instead of R. For a COUNT query, the ScaleFactor entries of the selected records are summed, while for a SUM(y) query the expression y*ScaleFactor is summed. If we also wish to return an error guarantee with each query, then instead of ScaleFactor, we have to keep track of each nj and kj individually for each stratum. 

7 Solution for Single-Table Selection Queries with Aggregation

We now present STRAT, our solution to the problem SAMP (Section 6) for workloads consisting of single-table selection queries with aggregation. We present STRAT for queries containing the COUNT aggregate, and then describe the extensions necessary to deal with the more challenging SUM aggregate. In Section 8, we show how to extend STRAT for aggregation queries with join, nested subqueries and GROUP BY. Our solution consists of three steps. The first step, which we refer to as stratification, is determining (a) how many strata r to partition relation R into, and (b) the records from R that belong to each stratum. At the end of this step we have r strata R1, … Rr containing n1, …nr records such that (nj = n. The second step, called allocation, determines how to divide k (the number of records available for the sample) into integers k1, …, kr across the r strata such that (kj = k. The third step, referred to as the sampling step, uniformly samples kj records from stratum Rj to form the final sample of k records. The sample so created is then used at runtime to approximately answer queries. The heart of the algorithm is in the first two steps, which are designed to minimize the errors in approximately answering queries in the lifted workload (pW). The third step is straightforward, and can be accomplished with one scan of relation R.

7.1 Solution for COUNT Aggregate

7.1.1 Stratification 

It may appear that the problem of stratification of R for a given workload W of COUNT queries is intractable since when r is not known, there are an exponential number of ways of stratifying R. However under large population assumptions (i.e., when n, the number of records in R, is large), the following lemma says that it is enough to partition R into fundamental regions (see Section 4.2 for the definition of fundamental regions) and treat each region as a stratum.

Lemma 1: Consider a relation R with n records and a workload W of COUNT queries. In the limit when n tends to infinity, the fundamental regions F = {R1, R2, …, Rr} represent an optimal stratification.

The proof is described in Appendix C. 

7.1.2 Allocation

Once the stratification has been done, the key remaining challenge is how to allocate the k records across the r fundamental regions (strata). Our main idea is to treat this problem as an optimization problem whose goal is to minimize the error over queries in pW. Observe that this is a significant point of departure compared to most previous work in this area, where this allocation step is done in an intuitive but informal manner. We assume that k1,…, kr, are unknown variables such that (kj = k. We leverage the following two results to express MSE(pW) as a function of these variables and then select values for these variables that minimizes MSE(pW). First, using Equation 2 (Section 5), it is easy to see that MSE(pW) can be expressed as a weighted sum of the MSE of each query in the workload (as stated by the following lemma).

Lemma 2: 
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Next, for any Q ( W, we express MSE(p{Q}) as a function of the kj’s. Although obtaining a concise yet exact expression for this function is more difficult, under large population assumptions the following lemma (one of the principal results of this paper) shows how to obtain a succinct approximation for MSE(p{Q}). In our experiments, we have found that this formula for MSE(p{Q}) has yielded excellent approximation even when n is relatively small. 

Lemma 3: For a COUNT query Q in W, let 
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The proof is described in Appendix C.

Now that we have an (approximate) formula for MSE(p{Q}), we can express MSE(pW) as a function of the variables k1,…, kr, using the result from the following corollary, which is obtained by combining Lemmas 2 and 3. 

Corollary 1: 
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, where each (j is a function of n1,…,nr, δ, and γ.

Intuitively, (j captures the “importance” of a region; it is positively correlated with nj as well as the frequency of queries in the workload that access Rj. 

Once we have expressed MSE(pW) as a function of the unknown kj’s, we are ready to minimize it. 
Lemma 4: 
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 is minimized under the constraint 
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 Proof: We first eliminate one of the variables, say kr, by replacing it with k – (k1+…+kr–1). If we partially differentiate 
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by k1,…, kr–1 respectively and set each derivative to zero, this results in r – 1 equations. These equations can be easily solved to prove the lemma. ■
Lemma 4 provides us with a closed-form and computationally inexpensive solution to the allocation problem since (j depends only on (, ( and the number of records in each fundamental region. The proof exploits a technique similar to other well-known methods for minimizing functions of the form 
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that arise in different contexts (e.g. [2,13]). Note that an admissible solution in our case requires that each kj is an integer > 0. We discuss this issue in Section 7.3.3. For now, we assume that STRAT completes its allocation by dividing k into k1,…,kr according to Lemma 4. 

7.2 Solution for SUM Aggregate

We now highlight the extensions to the above solution required for queries containing only the SUM aggregate. The key difference arises due to the fact that for SUM, we also need to take into account the variance of the data in the aggregated column (see Example 1 in Section 1). The first effort to deal with variance in data for approximate query processing was the outlier-indexing technique presented in [8]. We use a more general and principled approach that adapts techniques from statistics for dealing with large variance. We note that both the stratification and allocation steps for the SUM are sufficiently different from COUNT, and need to be revisited.

Before we get into the details of our solution for SUM, we discuss an interesting scenario in which our solution (and in fact, most sampling based solutions) will fail to work. Consider a relation R that has a mix of positive and negative numbers, and furthermore suppose a subset R’ exists whose SUM is close to zero (i.e. the negative values cancel the positive values), but whose variance is large. Even though a query Q’ that selects R’ may have a small probability of occurrence in the lifted distribution, if not answered exactly, its relative error can become infinite. Most sampling methods cannot handle such queries, and these queries need to be recognized and processed separately. 

As we shall show, this problem does not arise if the values in R are all strictly positive or strictly negative. The solution that we present is optimized only for such databases, and in principle can fail for certain kinds of queries on more general databases. However, we note that in our experiments our solution has worked consistently well for all kinds of databases.

7.2.1 Stratification

If we use the same stratification as in the COUNT case, i.e., strata = fundamental regions, we may get poor solutions for SUM since each stratum now may have large internal variance in the values of the aggregate column. Therefore, we use a bucketing technique where we further divide fundamental regions with large variance into a set of finer regions, each of which has significantly lower internal variance. We then treat these finer regions as the strata. 

For the step of further dividing a fundamental region, we borrow from statistics literature an approximation algorithm for the optimal Neyman Allocation technique (see Appendix A) for dividing a given population into a number of (say h) strata, such that each stratum has significantly lower internal variance. If a density distribution of the population is available (say f(y)), this algorithm computes the cumulative of the function 
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 and chooses the strata boundaries so that they make equal intervals on this cumulative scale. 

We use this algorithm to divide each fundamental region into h strata, thus generating a total of h*r finer fundamental regions, which become our strata. In our implementation, we build a histogram for each fundamental region, which approximates the density distribution, after which the stratification into h strata is easily accomplished. This can be done by a single scan of R. We use an equi-width histogram in the above step, although other kinds of histograms are also possible. We set the value h to 6 as suggested in [13]. 

Let yj be the average of the aggregate column values of all records in new stratum Rj. For the remainder of this section we make the following simplifying assumption. Since the variance of the values within any stratum Rj is small (due to stratification), we assume that each value within the stratum can be approximated as yj. Thus R may be viewed as being partitioned into h*r strata, where each stratum Rj has nj records, each with the same aggregate column value yj. Although clearly an approximation, such a view of R makes the subsequent mathematical analysis considerably simpler (and at the same time does not sacrifice much of the accuracy of the approximate query answering procedure).

7.2.2 Allocation

The structure of the allocation step is similar to COUNT, i.e., it is expressed as an optimization problem with h*r unknowns k1, …, kh*r. However, there is a key difference. Unlike COUNT, here the specific values of the aggregate column yj in each region influence MSE(p{Q}). The following lemma shows how to express MSE(p{Q}) as a function of the kj’s (the lemma assumes that the aggregate column values of R are either all positive or all negative).

Lemma 5: For a SUM query Q in W, let
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The proof is described in Appendix C.

As with COUNT, MSE(pW) for SUM is functionally of the form 
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, although the exact value of (j is different from COUNT (each (j depends on the same parameters n1, …nh*r , δ, and γ, and additionally on the numbers y1, y2, …, yh*r). We can therefore use the same procedure for minimization as in Lemma 4. 

7.3 Pragmatic Issues

Identifying Fundamental Regions

During the offline process of building a sample, we use a technique that we refer to as tagging to identify fundamental regions in relation R for a workload W consisting of selection queries. Tagging (logically) associates with each record t ( R an additional column called TagColumn (of type varchar) that contains the list of queries in W that reference t. In our implementation, rather than adding TagColumn to R, we separate this column out into a different relation R’ for two reasons. First, from a pragmatic standpoint, users do not want to change the schema of their database if avoidable. Second, we found that it is significantly faster (3X-5X in our experiments) to update the TagColumn in a separate relation R’. Records in R’ have a one-to-one correspondence with records in R. This is done by including the key column(s) of R in R’. When a query Q ( W is executed, for each record in R required to answer Q, we append the query-id of Q to TagColumn of the corresponding record in R’. When R’ is sorted by TagColumn, records belonging to the same fundamental region appear together. We experimentally evaluate the overhead of tagging in Section 9. We note that techniques reported in [14] can be used to further reduce the cost of tagging records. Also, for selection only queries, we can also use a bit vector representation for TagColumn (instead of varchar) where the number of bits is equal to the number of queries in the workload. In this representation, bit i is set if query Qi requires this record to answer the query. However, this representation is not possible for queries with GROUP BY since the tag also needs to encode the group. Finally, the following efficient method that requires only a single scan of R is also possible for single-table queries. For each record we tag it with all queries in the workload that select it. We can check if a query Q selects the record by applying the conditions in the WHERE clause in Q.  

7.3.1 Handling Large Number of Fundamental Regions

To build the expression for MSE(pW), for each query Q in W the algorithm has to visit each fundamental region. If there are q queries in W and r fundamental regions, the product q*r can become quite large. We handle this scalability issue by eliminating regions of low importance immediately after they have been identified. We used a simple heuristic that removes regions with small fj*nj2 values, where fj represents the (weighted) number of queries that access this region. The intuition is that fj measures the number of queries that are affected by Rj, while the expected error by not including the region is proportional to nj2. For SUM queries, we used a similar technique, where the importance of each region is fj*Yj2 where Yj is the sum of the values of the aggregate column within the region. Our experiments show that this heuristic for pruning does not significantly affect quality.

7.3.2 Obtaining Integer Solutions

In Sections 7.1 and 7.2 we presented a solution to the optimization problem in which the kj’s (number of records allocated to region Rj) could be fractional. In reality, however, we are required to pick an integral number of records from each region during the sampling step. In general if most of the kj’s are greater than 1, then the following simple rounding scheme works adequately. We round down each kj to (kj(. The leftover fractions are accumulated, and redistributed in a greedy manner to the regions that increase the MSE the least. We are also investigating randomized rounding schemes (as discussed in [17]). Finally, we observe that no past work has addressed this important issue. 

7.3.3 Obtaining an Unbiased Estimator

If many kj’s are small (< 1), then after the rounding is performed the allocation algorithm may assign some regions with no samples. Moreover, fundamental regions that have been pruned out for scalability reasons as discussed above will also not receive any samples. This introduces a bias in the estimates, i.e. the expected value of the answer may no longer be equal to the true answer. However, the bias is small because the regions that do not get any samples are those that affect the MSE the least. 

Nevertheless, if we wish to construct an unbiased estimator, we need to make sure that every stratum has at least one sample allocated to it. A simple way of doing this is to merge (i.e., take the union of) the fundamental regions that are allocated some samples with the fundamental regions that are not allocated any samples, thus creating super-regions that become the eventual strata. Let R1, …, Ra be the fundamental regions with non-zero allocated samples (say k1, …, ka), and let Ra+1, …, Rr be the remaining fundamental regions (i.e., with no allocated samples). We can employ a simple round-robin merging procedure, where Ra+1 is merged with R1, Ra+2 is merged with R2, and so on (if a < r – a we cycle back to R1), until we have exhausted all the fundamental regions that have no allocated samples. At the end of this process we have a super regions, say R1’, R2’, …, Ra’, that become our eventual strata (where super-region Rj’ gets allocated kj samples). Since all the fundamental regions in the relation are part of some super-region, and each super-region has one or more sample records assigned to it, we overcome the problem of biased estimators.

As future work we are exploring more principled merging approaches. In such approaches the key factors to account for in merging two fundamental regions are: (a) the internal variance in the values of the fundamental regions (b) the frequency with which a fundamental region is included by queries in the workload, and (c) the mean value of the aggregate column in a region. The last factor is important because if two fundamental regions with widely differing means are merged, it can cause the internal variance of the merged super-region to be high. 

7.4 Putting it All Together

Figure 4 summarizes the key steps in STRAT and analyzes their complexity. The tagging step (Step 1) is I/O bound and dominates the running time of STRAT in practice (see Section 9); its running time is dependent on the number of queries in the workload. Steps 2-3 identify the fundamental regions in the relation for the given workload W and can be accomplished in time O(n*log(n)) where n is the size of the relation.  Thus, Steps 1-3 constitute the stratification step of STRAT. Steps 4-5 constitute the allocation step (which is CPU bound) and runs in time O(q*h*u), where q is the number of queries in W, u is the number of  fundamental regions remaining after pruning. Finally, Step 6 is the sampling step that actually generates the sample(s) from the source relations, and can be done in once scan of each source relation.
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8 Extensions for More General Workloads

8.1 Extensions for a Heterogeneous Mix of Queries

Let us consider a workload that contains a mix of COUNT and SUM(y) queries. The lifting model (see Section 4) can be extended for such workloads easily. We need to make sure that each term MSE(p{Q}) is set up appropriately to reflect the type of query Q in the workload since, as explained above, analysis for COUNT and SUM differ. Once these expressions are set up, minimizing the resulting MSE(pW) is straightforward. 

Now consider a mix of queries such as SUM(x), SUM(y), SUM(x*y+z), etc. (where x, y, z are different columns from the same relation). We cannot directly apply the technique described in Section 7.2.1 for further stratifying each fundamental region to reduce variance because that technique works only for one-dimensional data. That is, if we stratify with the objective of reducing variance of x, the resulting stratification may not reduce variance of y. What we need is a solution to the multivariate stratified sampling problem (see Appendix A). Although several works in statistical literature have developed algorithms for this problem, for our purposes we found that the following simple (yet efficient) heuristic was adequate. 

First we treat each expression (such as x*y+z) that appears in a query in the workload as a new (derived) column x’. Thus our workload is reduced to queries of the form SUM(x) where x is either one of the original columns or a derived column. Let X = {x1, x2, …, xm’} be the set of  (original or derived) columns that appear in the workload. We associate a weight wi with each column xi (where wi is the sum of weights of all queries that aggregate on xi). Essentially, the weight defines the importance of the column.

Next, we stratify each fundamental region into h strata by using a simple variant of the h-means clustering algorithm [21]. This algorithm takes as inputs n multi-dimensional points and a parameter h, and produces h clusters such that the sum of the squared distances of each point from its cluster center is minimized (actually the h-means algorithm only produces a local optima). In our application we treat each record as an m’-dimensional point, and the output clusters are the strata. Our implementation differs from the classical h-means algorithm in the following ways. We use a “skewed” notion of distance, i.e., the (squared) distance between two points t1 = (x1,1, x1,2, …, x1,m’) and t2 = (x2,1, x2,2, …, x2,m’) is defined as
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Thus the more important dimensions play a more dominant role in the distance. The intuition is that by minimizing the sum of such squared distances between points and their cluster centers, we will be able to significantly reduce the sum of the variance along all dimensions for all strata. Since the number of dimensions m’ can become potentially large, we adopt a simple dimensionality reduction technique, where we discard all but a few of the most important columns.  As part of our ongoing work, we are exploring other alternative dimensionality reduction techniques that take into account the correlations between the columns.  

The other complication is that the h-means algorithm may perform a large number of iterations over the dataset before it converges to a local optimum. We avoid this problem by first selecting a small uniform sample of the records in each fundamental region, then running the h-means algorithm for a small constant number of iterations on this sample, and finally assigning each record of the fundamental region to its closest cluster center found in step (b).

We can also extend our techniques described in Section 7 to handle cases when the workload consists of single-table selection queries with aggregation but where each query can potentially reference a different relation. Although it may appear that we first need to partition the available memory for the sample across the tables and then pick samples from each table, our techniques are general enough to solve this problem in one step (as in Section 7 for single-table queries). In other words, once the relations have been tagged to get the entire set of fundamental regions across all relations, we can set up MSE(pW) similar to the single-table case  and minimize it. The fact that the space requirement for each record of different relations is different must be taken into consideration in the allocation step. 

We can also extend in a straightforward manner our techniques to handle cases when the workload consists of aggregation queries with nested sub-queries.

8.2 GROUP BY Queries

We first show how workloads containing GROUP BY queries can be lifted  (see Section 5 for how a workload containing pure selection queries can be lifted).  Consider a GROUP BY query Q with weight w in the workload. Let Q partition R into g groups: G1, … Gg. Within each group Gj, let Sj be the set of records selected. We adopt the following simple lifting model: replace Q in the workload with g separate selection queries (each of weight w/g) that select S1, …, Sg  respectively, and use the techniques in Section 5 for lifting the resultant workload. Once we know how to lift a workload containing GROUP BY queries, adapting our algorithm for handling such a workload is straightforward. The tagging step (see Section 7.3.1) treats each GROUP BY query Q as a collection of g selection queries with aggregation, and tags the records with the group that they belong to. During the tagging process, for GROUP BY columns of integer data types, we append a double <c, v> in addition to the query-id, where c is the column id of the GROUP BY column and v is the value of that column in record t. For non-integer data types, we treat the value of the GROUP BY column as a string and use a string hashing function to generate an integer value. As described in (Section 7.3.1), when R’ is sorted on TagColumn, all records belonging to the same fundamental region appear together. 
8.3 JOIN Queries

Our algorithm can be naturally extended to a broad class of queries involving foreign key joins over multiple relations. Let us say that a relation is a fact relation in the schema if it references  (i.e., contains the foreign keys of) one or more reference relations but is not referenced by any other relation. A relation is a dimension relation if it is does not contain foreign keys of any other relation. Thus, a relation that is neither a fact relation nor a dimension relation must be referenced by one or more relations and must contain foreign keys of one or more relations. We define star query to be a query that is (a) over the join of exactly one source relation and a set of dimension relations each of which is referenced by the source relation (b) Group By and aggregation over a column of the source relation and (c) may have selections on source and or dimension relations.  Star queries are widely used in the context of the decision support queries. In this section, we discuss how the technique that we have proposed in this paper can be extended for star queries in a straightforward manner. Our approach to handling star queries is as follows. We intend to obtain a sample only over the source relation. When a query is posed, we can then use the sample over the source relation to join the dimension relations in their entirety with the sample to compute the aggregate (with appropriate use of ScaleFactor). This method is reasonable because typically the source relation is a large fact relation (where sampling helps), while the other relations are smaller dimension relations. 

Let us now consider how to pick a sample over the source relation. First, note that our model for lifting (see Section 5) will be based on subsets of the source relations selected in the workload, much like selection queries with aggregation.  However, note that a record t in the source relation is deemed useful for a query Q in the workload only if t contributes to at least one answer record of Q, i.e., t must successfully join with other dimension relations and satisfy all the selection conditions in the query as well. For example, consider a query Q: “SELECT Sum(Sales) FROM Sales S, Product P WHERE S.ProductId = P.ProductId AND P.ProductType = ‘Clothes’ AND S.Month = ‘Jan’”. In this query Sales is the fact relation and Product is the dimension relation. During the tagging step of Sales for query Q, we only tag the records from Sales that join with Product and satisfy both the selection conditions in Q. The tagging step itself is no different from the technique used for single relation queries described in Section 7.3.1. For a workload that consists of star queries over multiple source relations, the technique described in Section 8.1 for selection queries (with aggregation) over multiple relations is used.

We note that an alternative approach is to compute join synopses as in [2], which results in reduced run-time cost at the expense of increased storage requirements due to additional columns from the join. Once again, allocation of k between the different synopses can be done by setting up MSE(pW) and minimizing it.
8.4 Extensions for Other Aggregates 

In principle, a sample created using any algorithm (including STRAT) can be used to answer a query containing any aggregate function. However, since samples chosen by STRAT are optimized for workloads involving COUNT and SUM queries, the errors may be more for queries that involve other aggregates. Observe that a query Q involving AVG(y) can be estimated at run-time without bias as SUM(y)/COUNT. Optimizing for workloads that contain AVG queries is therefore more difficult since MSE(p{Q}) is more complicated to compute. In view of this difficulty, in our implementation we used a simple heuristic of treating an AVG query (with weight w) as a pair of SUM and COUNT queries (each with weight w/2). 

9 Implementation and Experimental Results

We have implemented STRAT and FIXED on Microsoft SQL Server 2000 and conducted experiments to evaluate their effectiveness.  We compared their quality and performance with the following previous work: (a) uniform random sampling (USAMP) (b) weighted sampling (WSAMP) [8,14], (c) outlier indexing combined with weighted sampling (OTLIDX) [8], and (d) congressional sampling (CONG) [1]. We describe the implementation of the previous work, our experimental setup, the results of the experiments, and draw conclusions.

9.1 Implementation

The key implementation aspects of FIXED and STRAT have been discussed in Sections 4, 7 and 8. We now briefly describe our grid search approach (Section 5) for automatically determining the appropriate values of δ and γ for a workload W. We divide the workload into two equal halves called the training and test set respectively. We divide the two-dimensional space 0.5 ( δ ( 1, 0 ( γ ( 0.5 into a grid in which each dimension is divided into a fixed number of intervals. For each point (δ, γ) in the grid, we compute a sample for the training set and estimate the error for the test set. We pick the grid point with the lowest error for the test set as our setting for δ and γ. Our implementation scales well with data size since we can obtain samples for multiple grid points in one scan of the relation. 

We now briefly describe our implementation of the previous work. For uniform sampling (USAMP), each record is accepted with probability equal to the sampling fraction. We generate a uniform random sample in one scan of the relation R using the reservoir sampling technique [29].  For weighted sampling (WSAMP) [8,14] the probability of accepting a record is proportional to the frequency with which the record is selected by queries in the workload. We calculate this frequency for each record using the tagging technique described in Section 7.3.1. The key difference is that rather than keeping track of the list of queries that select the record, we only need a single counter (an integer) for the TagColumn to keep track of the frequency. For the outlier-indexing method (OTLIDX), we implemented the technique described in [8]. The paper does not address the following issue: for a given sample size, how many records of the sample to allocate for the outlier index, and how many to the weighted sample? To give OTLIDX the best possible choice of alternative settings, we tried different strategies for partitioning the sample for different databases and workloads – 25% for outliers-75% for weighted sample, 50%-50% and 75%-25%. We use the 50%-50% strategy since it performed well for most workloads. We also implemented the congress algorithm (CONG) described in the paper [1]. The algorithm takes as input a set G of GROUP BY columns and builds a sample for answering queries on any subsets of G (including (). For each subset of G, it determines the best allocation for each of the finest groups in the relation. The final allocation for a group is proportional to the maximum allocation for that group over all subsets of G.  Since the algorithm for Congress that takes into account selections in the workload is not publicly available, in our experiments we only evaluate Congress for workloads consisting of pure GROUP BY queries (i.e., no selections). 

9.2 Experimental Setup

9.2.1 Hardware/OS 

All experiments were run on a machine having an x86 550 MHz processor with 256 MB RAM and an internal 18GB hard drive running Microsoft Windows 2000.  

9.2.2 Databases 

We used the popular TPC-R benchmark [27] for our experiments. One of the requirements of the benchmark however, is that the data is generated from a uniform distribution. Since we were interested in comparing the alternatives across different data distributions, we used the publicly available program [11] for generating TPC-R databases with differing data skew. For our experiments we generated 100MB TPC-R databases by varying the Zipfian [32] parameter z over values 1, 1.5, 2, 2.5, and 3. We report a few relevant characteristics of the data in the aggregation column used. First, the ratio of the maximum to the minimum value in the aggregation column was varied between approximately 9000 and 250000 for the different databases. Second, there is no correlation between values in the aggregation column (picked from the Zipfian distribution) and their frequency in the data.

9.2.3 Workloads 

We generated several workloads over the TPC-R schema using an automatic query generation program. The program has the following features that can be turned on: (i) aggregations on the fact table (lineitem), (ii) foreign-key joins between the fact table and a dimension table (part or supplier), (iii) grouping and (iv) selection. We experimented with three classes of workloads containing aggregation: (a) W-SEL (Selections, Foreign-Key Joins).  (b) W-GB (Group By, Foreign-Key Joins) (c) W-SEL-GB (Selections, Group By, Foreign-Key Joins. Thus, e.g., W-SEL-GB-100 indicates a workload from the W-SEL-GB class containing 100 queries. The selection conditions were on the following columns: l_shipdate, l_orderkey, l_tax, l_discount, p_partkey, p_size, p_retailprice, s_acctbal, s_suppkey.  As in [1], we used the grouping columns l_shipdate, l_returnflag and l_linestatus. The aggregate column was l_extendedprice, and the aggregation expressions used were COUNT and SUM. For each workload, we used the first half of the workload as the training set that was used to determine the sample, and the second half as the test set. We controlled the degree of similarity between the training and test set using the following two parameters: (a) the set of columns on which conditions are allowed in the training set and in the test set, and (b) for each column on which a selection is defined, control the range of the selection condition.  

9.2.4 Parameters

We varied the following parameters in our experiments: (a) Skew of the data, z (b) The sampling fraction f was varied between: 0.1% - 10%. (c) Workload size was varied between 25 - 800 queries. All numbers reported are the average over multiple runs.  

9.2.5 Error Metric

As with previous work, we report the average relative error over all queries in the workload, i.e., L1 metric (Section 3.3). We have found in our experiments that similar trends also hold for the RMSE  (L2) error metric (see Section 3.3). 

9.3 Results

9.3.1 Quality vs. Sampling Fraction 

We compare the quality (errors) of the various techniques for the COUNT and SUM aggregates as the sampling fraction is varied keeping the workload (W-SEL-GB-100) and data skew (z = 2) fixed. As we see from Figures 5 and 6, for the test set (for COUNT and SUM aggregates respectively), the errors for STRAT are relatively low even with as little as 1% sampling whereas errors with other methods (USAMP, WSAMP, OTLIDX) are significantly higher. The key point to note for the SUM aggregate is that STRAT is able to achieve better quality than OTLIDX by taking into account the variance in the data values in a more principled way. 
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Next, we compare the quality of the various alternatives for the training set itself. We see the effectiveness of our stratification algorithm from Figure 7 (for the COUNT aggregate) and Figure 8 (for the SUM aggregate), where STRAT gives errors close to 0 once the sample size exceeds the number of fundamental regions induced by the workload. 

For comparisons with CONG, we consider workloads with only GROUP BY queries (i.e., no selection). Figure 9 (test set) shows that for the COUNT aggregate, STRAT performs best among all methods. We note that CONG also does significantly better than the other methods. The reason STRAT is more accurate than CONG is that despite attempting to account for all groups, CONG still allocates too many records to large groups and not enough for small groups, whereas STRAT is able to balance the allocations better. For GROUP-BY queries with the SUM aggregate, we see form Figure 10 (test set) that once again STRAT performs best among all methods. However, OTLIDX appears to perform better than CONG since unlike STRAT and OTLIDX, CONG does not take into account the data variance when allocating samples. 

9.3.2 Quality Vs. Overlap between Training Set and Test Set

We vary the degree of overlap of the minimum and maximum values of the range from which selection conditions are generated. The degree of overlap is an informal measure of correlation. For example, a degree of overlap of 0% (negative correlation) implies that for each column in a selection condition, the range of values from which selection conditions can be chosen for the test and training set for each column are disjoint, whereas 100% overlap (positive correlation) implies that the ranges are the same. From Figure 11 we see that for small overlap, as expected STRAT (( = 0.90, ( = 0.01) gives higher errors than other methods. However, for moderate to large overlaps, STRAT is significantly better.
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9.3.3 Automatically Determining the Lifting Parameters ( and ( 

For a given workload W-SEL-GB-100 and sampling fraction of 1%, Figure 12 shows how the error for the test set varies with ( and ( (see Sections 5, 9.1). We see that the error varies gradually, which indicates that our grid search approach is promising.

9.3.4 STRAT vs. FIXED 

We compare STRAT (with ( = 0.99 and ( = 0.01) with FIXED for the given workload (i.e., on the training set) to illustrate the benefits of our deterministic solution. Note that the setting of ( and ( imply that we expect queries that are very similar to the given workload. We use the W-SEL-GB-100 workload, sampling fraction f = 0.2%, and varied the data skew; we report errors for the COUNT aggregate. We found that across all data skew values, FIXED gives significantly lower error (difference in error varied between 13%-29%) since the deterministic method is able to exploit the greater freedom it has in optimizing the samples (see Section 4). We note that (a) unlike STRAT, FIXED has the drawback that we cannot report a standard error for the estimate, (b) for higher sampling fractions STRAT also approaches near-zero errors (Figure 7).

9.3.5 Quality vs. Data Skew 

In this experiment we compared the quality of the different methods as the skew of the data (z) is varied between 1 and 3, keeping the workload (W-SEL-GB-100) and sampling fraction (1%) fixed, for the SUM aggregate. We find (see Figure 13) that for moderately skewed to highly skewed data (z > 1), STRAT gives significantly lower errors than other methods (by about 20%). For low skew data (z = 1), the other methods are comparable to STRAT.
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[image: image33.wmf]Error Vs Data Skew: SUM Aggregate

(W-SEL-GB-100 Test Set, f=1%)
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9.3.6 Comparison of Time for Building Samples 

We compare the time to build the sample for WSAMP, OTLIDX, and STRAT for three different workloads of 100 queries each. We report numbers for the 100 MB database, data skew z = 2. Figure 14 shows that the additional time (relative to WSAMP) taken by STRAT to tag the database (Section 7.3.1) for the given workload is small. The difference between the tagging for WSAMP and STRAT is that in STRAT we additionally need to record the query-id information (and for GROUP BY queries, the group information). Finally, for a 1% sample, we report that the time to actually pick the sample after tagging was 15 sec, 70 sec, and 36 sec respectively for WSAMP, STRAT and OTLIDX for the W-SEL-GB-100 workload.  Thus, the total time to build a sample is dominated by the time taken to tag the relation for the given workload.

9.3.7 Comparison on a Real Data Set 

We compare the quality of various approaches on a real data warehouse within our organization, used to track sales of products. We used ( = 0.90 and (=0.01 for STRAT. We used a portion of the database of approximately 0.84 million rows; training and test sets of 25 real queries used by the application each.  These queries typically contained 3-6 GROUP BY columns and 2-5 selection conditions per query. Figures 15 and 16 show (respectively for the test set and the training set), STRAT performs consistently better than other methods for this real data set. 

9.3.8 Results for L2 Metric 

We present results using the L2 metric (RMSE) of our experiments for the W-SEL-GB-100 workload for the test set for the COUNT aggregate (Figure 17) and the SUM aggregate (Figure 19).  For corresponding numbers with the L1 metric, please see Figures 6 and 7 respectively. As we see from the figures, the results have similar trends as those reported with the L1 metric. The only difference is that the errors are relatively smaller (for all methods) using L2.
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10 Summary

In this paper, we present a comprehensive solution to the problem of picking precomputed samples for approximately answering aggregate queries and show how it can be implemented in a commercial database system. Our solution not only works well for the given workload, but via a novel technique for lifting a workload, our solution can be tuned to work well even for workloads that are similar but not identical to the given workload. Our solution is robust since it also handles the problems of data variance, heterogeneous mixes of queries, GROUP BY and foreign-key joins. We are trying to generalize our algorithms for workloads containing joins other than foreign-key joins. We will also compare our methods against other approaches to approximate query processing that are not based on precomputed samples (such as online sampling, histograms, and wavelet based approaches).
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Appendix A: Review of Random Sampling Techniques

Classical sampling techniques are usually applied to estimate aggregates of a single given population (such as the average per capita income of a country). The reason sampling is used is because the population is usually too large to allow exact aggregate computation. Given certain constraints (such as an upper bound on the number of samples), the challenge in such problems is to design a sampling strategy that is as accurate as possible. We present relevant results on two well-known techniques, uniform sampling and stratified sampling (these results are from [13,19]). We also briefly discuss weighted sampling, which may be view as an approximation of stratified sampling.

Uniform Sampling

Consider a large population, i.e. a set of real numbers R = {y1,…, yn}. Let the average be y, the sum be Y and the variance be S2. Suppose we uniformly sample k numbers. Let the mean of the sample be µ. 

Lemma 6:
The quantity µ is an unbiased estimator for y, i.e. 
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The variance (also known as standard error) in estimating y is
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The variance in estimating Y is 
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The relative squared error in estimating Y is
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The above squared error formulas assume that n is much larger than k (more accurate formulas that are sensitive to the finiteness of n are also known). As can be seen, the squared errors of the estimates depend directly on the variance in the data, and inversely on the number of samples. 

Stratified Sampling

One can often do better than uniform sampling by exploiting available (partial) knowledge of the population. For example, information on last year’s per capita income distribution may be available, and can be assumed to be highly correlated with this year’s distribution. One can identify regions of high variance in last year’s data, and design a sampling strategy where one samples more from such regions. Such a scheme can be a highly accurate estimator for the current population. One such strategy is known as stratified sampling. Here the current population is partitioned into r strata, with the jth stratum Rj containing nj numbers that have sum Yj and variance S2j. Suppose we uniformly sample k1,…, kr numbers from each of the R1,…, Rr strata respectively. Let the means of the respective samples be µ1, …, µr.

Lemma 7:
Define µ as follows
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The quantity µ is an unbiased estimator for y, i.e.
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The variance in estimating y is
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The variance in estimating Y is 
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The relative squared error in estimating Y is
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As with uniform sampling, the error formulas here assume that each nj is much larger than the corresponding kj. Stratified sampling can be better than uniform sampling because different strata can be designed to reduce the variance. The issues in stratified sampling are: how to select r (the number of strata), how to partition the population into r strata, how to allocate a total of k samples over all strata so as to minimize the error. If perfect information about the population is available, then more the strata, the better (only limited by the fact that k samples have to be distributed among r strata). Answering these questions require the availability of (partial) information about the current population. 

Lemma 8: Given a population R = {y1,…, yn}, k and r, the optimal way to form r strata and allocate k samples among all strata is to:

a. Sort R and select strata boundaries so that 
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b. For the jth strata, set the number of samples kj as follows (this is also known as the Neyman Allocation)
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However, the above lemma does not answer the question of how to select r. If we have complete knowledge of the current population, it is easy to see that the more strata the better. However we usually have only partial knowledge of the population (e.g. we may have last year’s population distribution which does not fully correlate with this year’s population), so stratified sampling starts getting inaccurate beyond r = 6 [13]. An efficient procedure described in [13] to approximate the optimal stratification is as follows: if a density distribution of the population is available (say f(y)), compute the cumulative of the function 
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 and choose the strata boundaries so that they make equal intervals on this cumulative scale. 

Multivariate Stratified Sampling

Now suppose the population R = {y1,…, yn}is a set of m-dimensional vectors, i.e. each yi = [yi,1, yi,2, …, yi,m]. Suppose we want to estimate the means along each dimension. Given k and r, we wish to form r strata and allocate k samples among all strata such the sum of the squared errors along each dimension is minimized. This multivariate generalization of the Neyman Allocation has been tackled in several works [5,12,28]. In our application we encounter a variation of this problem, which we solve using a simple clustering based heuristic (see Section 8.1). 

Weighted Sampling

Weighted sampling can be viewed as an approximation of stratified sampling. Each number in the entire population has to be examined in order to select the sample. Assume that we are given a parameter k, and that each yt in the population has been assigned a weight wt (indicating its importance). Each yt is selected to be included in the sample with probability 
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When weights are the same, this reduces to an approximation of uniform sampling. To ensure that exactly k records are picked, we can use the reservoir sampling technique described in [29].

Appendix B: Counter-Example for Congress

We describe a scenario in which the algorithm Congress [1] is sub-optimal. Consider two GROUP BY-COUNT queries Q1 and Q2 over a relation. Let Q1 define only one group, g1 (i.e. the entire relation R), while Q2 defines two groups, a large group g21 with n21 records (where n21 ≈ n) records and a very small group g22 with the remaining n22 = n – n21 records. As the paper [1] assumes, let the expected query distribution be such that each GROUP BY query is equally likely (but the selection conditions may vary, under the assumption that for each query the per-group selectivity is the same for all groups). Let k (k > 0) be the number of records to be selected in the sample. Assume a large population, i.e. that even n22 is large compared to k. Congress divides R into two strata R1 and R2 (essentially identical to g21 and g22 respectively). It allocates k samples between the two as follows:
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While this allocation has seemingly intuitive appeal, it does not minimize any of the well-known error metrics for the expected query distribution (such as MSE, L1, or L(). For example, suppose we wanted to minimize the MSE of the expected query distribution. Let k1 and k2 be the (unknown) allocation of the samples in the two strata R1 and R2.

MSE of queries like Q1 is proportional to 
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MSE of queries like Q2 is proportional to 
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Thus overall MSE is proportional to 
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Using simple differentiation techniques, the overall MSE is minimized if
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Clearly these values are not the same as that allocated by Congress.

Instead of MSE, suppose we wanted to minimize the L1 error of the expected query distribution. 

L1 error of queries like Q1 is proportional to 
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L1 error of queries like Q2 is proportional to 
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Thus overall L1 error is proportional to 
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Using simple differentiation techniques, the overall L1 error is minimized if
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Once again, these values are not the same as that allocated by Congress.

Finally, consider the L( metric. 

L( error of queries like Q1 is proportional to 
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L( error of queries like Q2 is proportional to 
[image: image66.wmf]÷

÷

ø

ö

ç

ç

è

æ

2

1

1

,

1

max

k

k


Thus overall L( error is proportional to 
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It is easy to see that the optimal solutions are
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Once again, these values are not the same as that allocated by Congress. Thus, the above simple example shows that the allocation scheme suggested by Congress is sub-optimal for several common error metrics. 

Appendix C: Proofs for COUNT and SUM Aggregates

We first prove Lemma 3 then prove Lemmas 1 and 5.
Proof of Lemma 3 

We assume that (, (, r, k1, k2, …, kr are all constants, while n, n1, n2, …, nr may vary. Q will always represent a fixed COUNT query from the workload, whereas Q’ will always represent an incoming query drawn randomly from the distribution p{Q}. The sets RQ ( R and R’ ( R will represent the sets of records selected by Q and Q’ respectively. Recall from Section 5 that the distribution p{Q} actually maps subsets of R to probabilities. Thus, in the rest of the proof we will sometimes view a query simply as the subsets of records it selects (e.g. Q’ and R’ may be used interchangeably).
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Since we view queries as subsets of records, we see that MSE(p{Q})is the expected value of SE(R’) for a subset R’ randomly drawn from the distribution p{Q} (recall the exact definitions of squared error and mean squared error from Section 3.3). That is,
Our task is to expand and simplify the RHS of Equation (3) and show that it is approximately equal to ApproxMSE(p{Q}).
We first provide an intuitive explanation of why the lemma is true. Later we provide the formal details of the proof. Assume each nj is large (the proof for the more general case where we assume only n to be large appears later). Let Q’ be a query randomly drawn from the distribution p{Q}. Due to the nature of our lifting model, the number of records selected by Q’ in each fundamental region follows a binomial distribution. Since each nj is large, the corresponding binomial distributed is sharply concentrated around its mean value. Consequently an overwhelming number of queries from the distribution p{Q} will select approximately (*nj (resp. (*nj) records from Rj, where Rj is a fundamental region inside (resp. outside) RQ. Thus, MSE(p{Q}) can be approximated as the MSE of all such queries since the contribution from the other queries is negligible. Consider the jth term in the left summation in the numerator. It represents the expected squared error in estimating the count of (R’(Rj), i.e., in estimating the sum of the portion of POPQ’ that corresponds to Rj (see Section 6 for a definition of POPQ’). This may be derived using Lemma 7 presented in Appendix A. Similarly the right summation in the numerator represents the expected squared error in estimating the count of (R’((R\ RQ)). Thus the numerator represents the expected squared error in estimating the count of R’. Dividing by the denominator represents the expected relative squared error in estimating the count of R’.
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We now provide the formal details of the proof. We first partition the set of all 2n subsets of R into a (large) number of groups as follows. Consider r integers m1, m2, …, mr, such that 0 ≤ mj ≤ nj. These integers define a group G(m1, m2, …, mr) as follows:

That is, G(m1, m2, …, mr) contains all subsets of R that select exactly m1 records from R1, m2 records from R2, and so on. Clearly, the number of groups is
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We can also derive the size of each group (i.e., the number of subsets in each group):
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Consider a subset R’ that belong to any given group, say G(m1, m2, …, mr). We show that the squared error SE(R’) may be derived as follows. 

Consider the jth term in the numerator. It represents the expected squared error in estimating the count of (R’(Rj), i.e., in estimating the sum of the portion of POPQ’ that corresponds to Rj (see Section 6 for a definition of POPQ’). This portion of POPQ’ may be viewed as a population of size nj, with mj 1’s and nj ( mj 0’s. It is easy to derive the variance of such a population to be 
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. Since each region has kj samples allocated to it, we can use Lemma 7 from Appendix A to show that the entire numerator represents the squared error in estimating the count of R’. The denominator represents the expected count of R’. Thus the ratio represents the relative squared error in estimating the count of R’. 

Our task is to show that the expected value of SE(R’) approaches  ApproxMSE(p{Q}) in the limit when n tends to infinity. Note that SE(R’) equals ApproxMSE(p{Q}) if we replace each mj by (*nj or (*nj, depending on whether Rj is inside or outside RQ.  
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It is easy to see that SE(R’) is the same for each subset R’ in the group G(m1, m2, …, mr). Let us denote this as SE(m1, m2, …, mr). 

Our next task is to expand p{Q}(R’) for any given subset R’ of group G(m1, m2, …, mr). Using Equation 1 in Section 5, we can derive p{Q}(R’) as follows.
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Note that p{Q}(R’) is the same for each subset R’ in the group G(m1, m2, …, mr). Let p(m1, m2, …, mr) denote the probability that a randomly drawn subset R’ belongs to G(m1, m2, …, mr). Using Equations (4) and (6), it is easy to see that
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By rearranging factors we get

Observe that in the above equation the fundamental regions inside RQ are treated differently from the fundamental regions that are outside RQ. In the interest of uniformity, we adopt the following notation. Let each fundamental region Rj be associated with a parameter βj, such that if Rj is inside RQ then βj = δ and if Rj is outside RQ then βj = γ. 
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Equation (7) may then be rewritten as

The quantity 
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 is the probability that a random subset R’ will select exactly mj records from Rj. Let us denote this as p(mj).
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If we view mj as a random variable, p(mj) is a binomial distribution with a mean of β*nj (see Appendix D). Thus p(m1, m2, …, mr) is simply a product of different binomial distributions.

Let C be the cartesian product 
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Equation (3) may be rewritten as
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Using Equations (5) and (8), we get

Let us label a fundamental region Rj as small if 0 < nj < 
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, and large otherwise (i.e., if 
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≤ nj ≤ n). For each large fundamental region Rj, define quantity εj as 
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Let C1 ( C be the cartesian product defined as
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where if Rj is small then lj = 0 and uj = nj, and if Rj is large then lj = (1 – εj)βjnj  and uj = (1+ εj)βjnj.

Let C2 be the set of vectors defined as C \ C1. 
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Define MSE1 and MSE2 as follows:
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Clearly we have
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We shall first show that in the limit when n tends to infinity, MSE2 goes to 0. If we examine Equation (5), we can derive a crude (but simple) upper bound for SE(m1, m2, …, mr) as follows: 



Thus we get

Using Chernoff bounds (see Appendix D), the above is
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It is quite easy to show that as n tends to infinity, each of the above terms goes to zero. To see this, consider the jth term. If we take the natural log of the numerator, we get an expression that is linear in ln(n), whereas if we take the natural log of the denominator, we get an expression that is quadratic in ln(n). Thus when n tends to infinity, the denominator grows asymptotically more rapidly than the numerator.

Thus we conclude that 


Next, we turn our attention to MSE1. We shall show that when n tends to infinity, the ratio 
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Recall the definition of ApproxMSE(p{Q}) from the statement of the lemma. Using βj instead of δ and γ, we can rewrite it as follows.

Using Equations (5), (9) and (11), we get


We first show that we only need be concerned with large fundamental regions. Dividing the numerator and denominator by n2, we get

For small fundamental regions Rj, we know that in the limit when n tends to infinity, both nj/n and mj/n tend to zero. Thus in the limit the above expression reduces to


Multiplying the numerator and denominator by n2, we get back

We know that for each large fundamental region, (1– εj)βjnj ≤ mj ≤ (1+ εj)βjnj. We first calculate an upper bound for the limit. The RHS of Equation (12) can be upper-bounded as

For each large Rj, it is easy to see that

  

Thus, in the limit the jth terms in the numerator will approach the corresponding jth terms in the denominator of Equation (13). Thus we have 


We next calculate a lower bound for RHS of Equation (14). The RHS can be lower-bounded as 



For each large fundamental region, we note that


As for the remaining portion of Equation (15), in the limit the jth terms in the numerator will approach the corresponding jth terms in the denominator of Equation (15).  Equation (15) thus reduces to 


Combining Equations (10), (14) and (16), we have
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This concludes the proof of Lemma 3. ■
Proof of Lemma 1

Let G = {G1, G2….., Gs} represent an optimal stratification of R. Consider the stratification H = {H1, H2, ….Hu} = {Rj(Si | 1≤ j ≤ r, 1 ≤ i ≤ s}. Since stratifying an optimal stratification any further does not reduce the MSE, H also represents an optimal stratification.

We first describe the simple case where the workload consists of a single query Q. Let us use the notation MSEE(p{Q}) to denote MSE(p{Q}) for a stratification E. We shall show that the minimum value of MSEH(p{Q}) is asymptotically the same as the minimum value of MSEF(p{Q}). MSEH(p{Q}) can be asymptotically calculated according to Lemma 3 (even though Lemma 3 was proven for the stratification F, it can be extended for any stratification that represents a further stratification of F, such as H). Let h1, h2, …, hu be the  optimal allocation of the k samples in the strata H1, H2, …., Hu respectively. By Lemma 3, we get

In minimizing MSEH(p{Q}) we can ignore the denominator. Thus is equivalent to minimizing the following expression. 
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Using techniques similar to those in Lemma 4, we see that this gets minimized when the hj’s take on the following values.

Plugging these values back in MSEH(p{Q}), we see that the minimum value of MSEH(p{Q}) is asymptotically equal to

Now let us consider the stratification F. Let k1, k2, …, kr be the optimal allocation of the k samples in the fundamental regions R1, R2, …, Rr respectively. Similar to above, we see that MSEF(p{Q}) gets minimized when the kj’s take on the following values.

Plugging these values back, we can similarly derive the minimum value of MSEF(p{Q}) to be asymptotically equal to

Since H represents a further stratification of F (i.e. each stratum of H is wholly contained within some stratum of F), it is easy to see that asymptotically


The above arguments can be extended to the case when the workload contains more than one query. This concludes the proof of Lemma 1.■
Proof of Lemma 5

As in the earlier proof of Lemma 3, we assume that (, (, r, k1, k2, …, kr are all constants, while n, n1, n2, …, nr may vary. Q will always represent a fixed COUNT query from the workload, whereas Q’ will always represent an incoming query drawn randomly from the distribution p{Q}. Also recall that we view R as being partitioned into h*r strata, where each stratum Rj has nj records, each with the same aggregate column value yj (which is positive). Since the proof is very similar to that of Lemma 3, we only highlight the important differences. Our notation will be similar to that used in Lemma 3.

The equation corresponding to Equation (5) may be easily derived as

As before, let us define MSE1 and MSE2 such that 

We shall first show that in the limit when n tends to infinity, MSE2 goes to 0. If we examine Equation (17), we can derive a crude (but simple) upper bound for SE(m1, m2, …, mh*r) as follows:

Important: Note that in the above derivation (especially in the first simplification), it is critical that all the yj’s are of the same sign (i.e., either all positive or all negative).

Using arguments similar to Lemma 3, we can conclude that 


The rest of the proof is very similar to that of Lemma 3 and we omit the straightforward details. It can be shown that when n tends to infinity, the ratio 
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Thus we have
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This concludes the proof of Lemma 5. ■

Appendix D: Binomial Distributions and Chernoff Bounds

Consider a coin with bias β (i.e., when tossed the probability of head is β). Let m be the number of heads that occur when the coin is tossed independently n times. If we view m as a random variable, its probability distribution is as follows.


This is the well-known binomial distribution [22]. 

The expected value of m is
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The variance of m is
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As n gets large, it is known that the probability distribution gets tightly concentrated around its mean. This is quantified by the following Chernoff bound (where c is a constant) [22]
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Figure 17: L2 error for COUNT aggregate





Figure 18: L2 error for SUM aggregate





Figure 15. Error vs. Sampling Fraction (Test Set)








Figure 16. Error vs. Sampling Fraction (Training Set)








Figure 13. Variation in Data Skew: SUM Aggregate








Figure 14. Comparison of running time to build sample





Figure 11. Varying overlap between training set and test set





Figure 12. Error vs. lifting parameters for test set





Figure 9. GROUP BY only workload. COUNT Aggregate – Test Set








Figure 10. GROUP BY only workload. SUM Aggregate – Test Set








Figure 7. COUNT Aggregate – Training Set





Figure 8. SUM Aggregate – Training Set





Figure 5. COUNT Aggregate – Test Set





Figure 6. SUM Aggregate – Test Set








Figure 4. Algorithm STRAT 





For each query Q ( W, tag records in R used to answer query Q using the tagging algorithm described in Section 7.3.1


Let R1,…, Ru be the fundamental regions after pruning out unimportant fundamental regions (see Section 7.3.2).


For SUM queries, further divide each fundamental region Rj into h finer regions using the algorithm in Section 7.2.1.


For each query Q ( W, compute (j of each (finer) region Rj referenced in Q, according to the formulas in Section 7.1.2 and 7.2.2. At the end of this step, we have computed an (j for each Rj.


Solve the optimization problem of distributing k records to regions using the technique in Section 7.1.2. Let kj be the number of records allocated to region Rj. 


Perform stratified sampling to pick kj records from region Rj and generate a sample of R. 





Problem: SAMP


Input: R, pW (a probability distribution function specified by W), and k


Output: A sample of k records, (with the appropriate additional column(s)) such that the MSE(pW) is minimized
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Figure 2. Fundamental Regions
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Problem: FIXEDSAMP


Input: R, W, k


Output: A sample of k records (with appropriate additional columns) such that MSE(W) is minimized.
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Figure 1. Architecture for Approximate Query Processing








� A conference version of this paper appeared in SIGMOD 2001 [8].


� Appendix A contains a review of several classical sampling results from statistics.


� In general, we allow a small constant number of additional columns with each record (e.g., see deterministic solution in Section 4).  


� This notation makes it convenient to give a single probability to the (infinite) set of queries that only syntactically differ in their WHERE clauses, yet select the same R’. Note that the domain of p{Q} is finite, i.e. the power set of R.
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				0.5		0.617084		0.564539		0.414787		0.57546																				0.5		0.34576		0.3094875		0.2246115		0.324948

				1		0.547202		0.47287		0.221713		0.512055																				1		0.310819		0.273653		0.1480745		0.2932455

				2		0.497254		0.425602		0.198618		0.435709																				2		0.285845		0.250019		0.119527		0.2550725

				5		0.427556		0.392455		0.163206		0.395848																				5		0.250996		0.2334455		0.098821		0.235142

				10		0.392891		0.3194		0.143272		0.348258																				10		0.2336635		0.196918		0.0918854		0.211347

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789																						L2 metric

				2		0.487254		0.312228		0.000348		0.332852																						SUM		Test Set

				5		0.427556		0.280818		0.000087		0.282088																						USAMP		WSAMP		STRAT		OTLIDX

				10		0.382891		0.231127		0.000035		0.22421																				0.1		0.4259585025		0.435093668		0.4465995569		0.4352125687

																																0.2		0.3913286652		0.3621149804		0.35995682		0.3532249075

																																0.5		0.3554116713		0.3592406113		0.1749259731		0.3034834605

																																1		0.3112720191		0.3260297308		0.1560633819		0.2528396018

																																2		0.3276550813		0.3060033707		0.1258945653		0.2362125687

																																5		0.2719360684		0.2694823388		0.0866118957		0.2033539035

																																10		0.2577257487		0.2519203646		0.0765115031		0.1673023051

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2																												COUNT

				NEG CORR (Test Set)																												z=2

				USAMP		WSAMP		STRAT		OTLIDX																						NEG CORR (Test Set)

		0.1		0.735296		1.004581		1.392693		0.98023																						USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.703617		0.779983		1.194956		0.704539																				0.1		0.632946		0.970751		1.362693		0.98023

		0.5		0.615112		0.753301		1.138198		0.787548																				0.2		0.603617		0.746153		1.164956		0.704539

		1		0.59897		0.699678		1.057754		0.670573																				0.5		0.579112		0.719471		1.108198		0.687548

		2		0.578616		0.655502		0.993546		0.637068																				1		0.51897		0.665848		1.027754		0.640573

		5		0.577631		0.606541		0.921131		0.329312																				2		0.476181		0.621672		0.993546		0.607068

		10		0.518586		0.571102		0.897588		0.270169																				5		0.431929		0.572711		0.911131		0.599312

																														10		0.391103		0.537272		0.897588		0.550169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085																						z=2

		0.2		0.696035		0.651233		0.61167		0.646311																						POS CORR (Test Set)

		0.5		0.655007		0.58005		0.334027		0.529665																						USAMP		WSAMP		STRAT		OTLIDX

		1		0.613697		0.521055		0.278034		0.452807																				0.1		0.731556		0.683855		0.70726		0.713852

		2		0.530283		0.477416		0.207023		0.415978																				0.2		0.656035		0.613933		0.58667		0.643921

		5		0.512609		0.437252		0.088675		0.301075																				0.5		0.615007		0.54275		0.329027		0.57321

		10		0.460206		0.387252		0.044812		0.196145																				1		0.573697		0.483755		0.273034		0.463902

																														2		0.490283		0.440116		0.202023		0.420839

																														5		0.472609		0.399952		0.083675		0.369447

																														10		0.420206		0.349952		0.039812		0.329303

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

																																		W-SEL-100		W-SEL-GB-100		W-GB-100

						W-SEL-100		W-SEL-GB-100		W-GB-100																						WSAMP		629		1561		1703

		WSAMP		Tagging		629		1561		1703																						STRAT		673		1609		1772

				Sampling		15		15		15																						OTLIDX		629		1561		1703

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36

				f=1%, z=2, W-SEL-GB, SUM

				USAMP		WSAMP		STRAT		OTLIDX

		25		0.520071		0.530181		0.200278		0.479012

		50		0.518863		0.511753		0.210081		0.451439

		100		0.504236		0.530549		0.227499		0.453541

		200		0.514392		0.490719		0.241394		0.427761

		400		0.52981		0.478803		0.268076		0.409193

		800		0.501761		0.43881		0.269713		0.381685

				MSSales

				COUNT

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.931		0.809		0.701		0.823

		0.5		0.871		0.725		0.653		0.737

		1		0.803		0.691		0.589		0.703

		2		0.699		0.604		0.481		0.621

		5		0.486		0.392		0.295		0.409

		10		0.418		0.342		0.203		0.358

				SUM (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		1.048		0.983		0.733		0.805

		0.5		0.953		0.913		0.642		0.729

		1		0.882		0.851		0.588		0.649

		2		0.791		0.703		0.451		0.581

		5		0.626		0.625		0.266		0.433

		10		0.551		0.533		0.188		0.304

				SUM (Training Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.99		0.91		0.681		0.781

		0.5		0.9309		0.839		0.409		0.683

		1		0.898		0.728		0.228		0.608

		2		0.803		0.609		0.008		0.537

		5		0.609		0.492		0.007		0.373

		10		0.537		0.387		0.005		0.251
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		SAMPLING-RATE		USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED

		0.1		0.700969		0.665041		2.825618		2.618383		0.497869		1.11071		0.970833				0.708722		0.72501		3.917019		3.745525		0.507795		1.045222		11.621356				0.151613		0.14721		0.825329		0.772107		0.091586		0.327941		0.331017				0.150401		0.155953		1.039853		1.024846		0.09174		0.315002		6.883863				6.207315		4.872709		72.921624		29.360352		1		181.027508		16.894311				6.403003		4.708263		74.253336		31.878668		1		181.16143		573.387739				4250.302341		5659.384655		52654.831448		56719.662498		8288.124829		8754.083571		6819.959248				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152				918.248159		1244.310928		11266.270959		12222.979378		1985.220338		2116.67961		1930.72902				99335999.15272		128305421.938941		2224695744.25553		2409022677.72089		224790420.708903		270467515.833181		266232868.186367				23999.333333		34441.666667		283337		284003.333333		46366.666667		52865.333333		117709				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152

		0.2		0.61089		0.558268		3.601092		3.069103		0.484447		0.576129		0.908114				0.646977		0.594889		5.479228		4.741041		0.491186		0.579038		11.769337				0.146601		0.118562		1.086559		0.904116		0.091551		0.117957		0.323165				0.149359		0.1205		1.494954		1.285522		0.091464		0.115104		7.029347				3.663452		3.075213		52.397249		35.728369		1.096435		2.52208		16.827933				3.671125		3.109004		53.412078		37.165278		1.162763		2.348644		573.795375				2050.314862		3571.870955		76722.699148		75054.605387		4718.110403		6449.390132		6699.461423				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375				464.485149		779.915592		16532.498506		16150.401647		1087.270296		1491.115712		1917.605571				60020532.677149		101735380.025804		3376754564.54978		3206653290.42744		120248463.02388		166151299.793718		265948390.978917				16613		17728		362367.333333		356977		32429.666667		30943		116417				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375

		0.5		0.577084		0.564539		0.454787		0.259459		0.500334		0.57546		0.771569				0.582937		0.589764		0.482171		0.261131		0.519166		0.618179		11.689931				0.141205		0.133395		0.197805		0.107551		0.092417		0.141491		0.298255				0.139986		0.137169		0.214096		0.107569		0.093214		0.146437		7.016467				5.284968		2.697232		12.01916		8.030607		1.220832		3.876171		16.224359				5.284007		2.701185		12.166517		8.03107		1.219459		4.076798		574.272273				2345.03597		1824.932024		3918.471132		3543.109987		9188.725079		3126.401376		6714.881746				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748				518.531013		396.461776		1149.300175		1100.892611		2289.336791		658.528814		1923.057187				58337627.126351		41941837.434204		101985701.107309		94865554.517524		262345060.278041		72116727.31113		265925543.749536				13252		10912.666667		33760.888889		27451.444444		54503		15145.333333		116138				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748

		1		0.487202		0.59287		0.163206		0.235545		0.496591		0.512055		0.771569				0.504236		0.600549		0.174053		0.237499		0.500445		0.5354		11.689931				0.115899		0.147986		0.049608		0.105067		0.091333		0.122796		0.298255				0.1172		0.14397		0.050372		0.104217		0.091228		0.124382		7.016467				1.960533		3.669318		1.990189		7.654006		1.15826		10.655601		16.224359				1.968431		3.47317		2.454296		7.657153		1		10.655904		574.272273				2072.1176		1072.648925		2997.347375		2801.926847		7759.322805		2178.368136		6714.881746				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748				487.381235		234.022232		878.864356		860.878772		1828.413195		481.19152		1923.057187				51414296.133278		27465119.255297		125286221.598978		87586948.587159		182188248.86047		55244216.760749		265925543.749535				12006.333333		7179.666667		42655		44421		41837.333333		10477.666667		116138				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748

		2		0.517254		0.505602		0.221713		0.160603		0.499698		0.535709		0.771569				0.533447		0.534842		0.23431		0.173708		0.519503		0.556065		11.689931				0.132767		0.125282		0.070077		0.052648		0.092719		0.131117		0.298255				0.134296		0.128201		0.073993		0.055391		0.093306		0.13933		7.016467				2.942988		3.735861		4.027493		2.512864		1.07913		6.288022		16.224359				3.545845		4.50606		4.647614		2.540262		1		6.288285		574.272273				718.89945		816.812552		3170.116802		2779.075769		7673.369217		3104.846867		6714.881746				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748				164.729719		183.341655		971.976271		950.313391		1880.865259		705.543008		1923.057187				16943136.761945		24630513.579282		150725887.431174		99716895.184869		209266067.88191		85356469.006031		265925543.749536				4033.5		4704.333333		45824.222222		46028.777778		46298.333333		15100.333333		116138				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748

		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

																																		L2 metric

						COUNT		Test Set																										COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX																						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026																				0.1		0.4077025		0.3697385		0.331769		0.412231

				0.2		0.68089		0.558268		0.491147		0.576129																				0.2		0.377663		0.316352		0.2827915		0.3252825

				0.5		0.617084		0.564539		0.414787		0.57546																				0.5		0.34576		0.3094875		0.2246115		0.324948

				1		0.547202		0.47287		0.221713		0.512055																				1		0.310819		0.273653		0.1480745		0.2932455

				2		0.497254		0.425602		0.198618		0.435709																				2		0.285845		0.250019		0.119527		0.2550725

				5		0.427556		0.392455		0.163206		0.395848																				5		0.250996		0.2334455		0.098821		0.235142

				10		0.392891		0.3194		0.143272		0.348258																				10		0.2336635		0.196918		0.0918854		0.211347

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789																						L2 metric

				2		0.487254		0.312228		0.000348		0.332852																						SUM		Test Set

				5		0.427556		0.280818		0.000087		0.282088																						USAMP		WSAMP		STRAT		OTLIDX

				10		0.382891		0.231127		0.000035		0.22421																				0.1		0.4259585025		0.435093668		0.4465995569		0.4352125687

																																0.2		0.3913286652		0.3621149804		0.35995682		0.3532249075

																																0.5		0.3554116713		0.3592406113		0.1749259731		0.3034834605

																																1		0.3112720191		0.3260297308		0.1560633819		0.2528396018

																																2		0.3276550813		0.3060033707		0.1258945653		0.2362125687

																																5		0.2719360684		0.2694823388		0.0866118957		0.2033539035

																																10		0.2577257487		0.2519203646		0.0765115031		0.1673023051

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2																												COUNT

				NEG CORR (Test Set)																												z=2

				USAMP		WSAMP		STRAT		OTLIDX																						NEG CORR (Test Set)

		0.1		0.735296		1.004581		1.392693		0.98023																						USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.703617		0.779983		1.194956		0.704539																				0.1		0.632946		0.970751		1.362693		0.98023

		0.5		0.615112		0.753301		1.138198		0.787548																				0.2		0.603617		0.746153		1.164956		0.704539

		1		0.59897		0.699678		1.057754		0.670573																				0.5		0.579112		0.719471		1.108198		0.687548

		2		0.578616		0.655502		0.993546		0.637068																				1		0.51897		0.665848		1.027754		0.640573

		5		0.577631		0.606541		0.921131		0.329312																				2		0.476181		0.621672		0.993546		0.607068

		10		0.518586		0.571102		0.897588		0.270169																				5		0.431929		0.572711		0.911131		0.599312

																														10		0.391103		0.537272		0.897588		0.550169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085																						z=2

		0.2		0.696035		0.651233		0.61167		0.646311																						POS CORR (Test Set)

		0.5		0.655007		0.58005		0.334027		0.529665																						USAMP		WSAMP		STRAT		OTLIDX

		1		0.613697		0.521055		0.278034		0.452807																				0.1		0.731556		0.683855		0.70726		0.713852

		2		0.530283		0.477416		0.207023		0.415978																				0.2		0.656035		0.613933		0.58667		0.643921

		5		0.512609		0.437252		0.088675		0.301075																				0.5		0.615007		0.54275		0.329027		0.57321

		10		0.460206		0.387252		0.044812		0.196145																				1		0.573697		0.483755		0.273034		0.463902

																														2		0.490283		0.440116		0.202023		0.420839

																														5		0.472609		0.399952		0.083675		0.369447

																														10		0.420206		0.349952		0.039812		0.329303

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

																																		W-SEL-100		W-SEL-GB-100		W-GB-100

						W-SEL-100		W-SEL-GB-100		W-GB-100																						WSAMP		629		1561		1703

		WSAMP		Tagging		629		1561		1703																						STRAT		673		1609		1772

				Sampling		15		15		15																						OTLIDX		629		1561		1703

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36

				f=1%, z=2, W-SEL-GB, SUM

				USAMP		WSAMP		STRAT		OTLIDX

		25		0.520071		0.530181		0.200278		0.479012

		50		0.518863		0.511753		0.210081		0.451439

		100		0.504236		0.530549		0.227499		0.453541

		200		0.514392		0.490719		0.241394		0.427761

		400		0.52981		0.478803		0.268076		0.409193

		800		0.501761		0.43881		0.269713		0.381685

				MSSales

				COUNT

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.931		0.809		0.701		0.823

		0.5		0.871		0.725		0.653		0.737

		1		0.803		0.691		0.589		0.703

		2		0.699		0.604		0.481		0.621

		5		0.486		0.392		0.295		0.409

		10		0.418		0.342		0.203		0.358

				SUM (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		1.048		0.983		0.733		0.805

		0.5		0.953		0.913		0.642		0.729

		1		0.882		0.851		0.588		0.649

		2		0.791		0.703		0.451		0.581

		5		0.626		0.625		0.266		0.433

		10		0.551		0.533		0.188		0.304

				SUM (Training Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.99		0.91		0.681		0.781

		0.5		0.9309		0.839		0.409		0.683

		1		0.898		0.728		0.228		0.608

		2		0.803		0.609		0.008		0.537

		5		0.609		0.492		0.007		0.373

		10		0.537		0.387		0.005		0.251
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		0.1		0.700969		0.665041		2.825618		2.618383		0.497869		1.11071		0.970833				0.708722		0.72501		3.917019		3.745525		0.507795		1.045222		11.621356				0.151613		0.14721		0.825329		0.772107		0.091586		0.327941		0.331017				0.150401		0.155953		1.039853		1.024846		0.09174		0.315002		6.883863				6.207315		4.872709		72.921624		29.360352		1		181.027508		16.894311				6.403003		4.708263		74.253336		31.878668		1		181.16143		573.387739				4250.302341		5659.384655		52654.831448		56719.662498		8288.124829		8754.083571		6819.959248				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152				918.248159		1244.310928		11266.270959		12222.979378		1985.220338		2116.67961		1930.72902				99335999.15272		128305421.938941		2224695744.25553		2409022677.72089		224790420.708903		270467515.833181		266232868.186367				23999.333333		34441.666667		283337		284003.333333		46366.666667		52865.333333		117709				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152

		0.2		0.61089		0.558268		3.601092		3.069103		0.484447		0.576129		0.908114				0.646977		0.594889		5.479228		4.741041		0.491186		0.579038		11.769337				0.146601		0.118562		1.086559		0.904116		0.091551		0.117957		0.323165				0.149359		0.1205		1.494954		1.285522		0.091464		0.115104		7.029347				3.663452		3.075213		52.397249		35.728369		1.096435		2.52208		16.827933				3.671125		3.109004		53.412078		37.165278		1.162763		2.348644		573.795375				2050.314862		3571.870955		76722.699148		75054.605387		4718.110403		6449.390132		6699.461423				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375				464.485149		779.915592		16532.498506		16150.401647		1087.270296		1491.115712		1917.605571				60020532.677149		101735380.025804		3376754564.54978		3206653290.42744		120248463.02388		166151299.793718		265948390.978917				16613		17728		362367.333333		356977		32429.666667		30943		116417				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375

		0.5		0.577084		0.564539		0.454787		0.259459		0.500334		0.57546		0.771569				0.582937		0.589764		0.482171		0.261131		0.519166		0.618179		11.689931				0.141205		0.133395		0.197805		0.107551		0.092417		0.141491		0.298255				0.139986		0.137169		0.214096		0.107569		0.093214		0.146437		7.016467				5.284968		2.697232		12.01916		8.030607		1.220832		3.876171		16.224359				5.284007		2.701185		12.166517		8.03107		1.219459		4.076798		574.272273				2345.03597		1824.932024		3918.471132		3543.109987		9188.725079		3126.401376		6714.881746				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748				518.531013		396.461776		1149.300175		1100.892611		2289.336791		658.528814		1923.057187				58337627.126351		41941837.434204		101985701.107309		94865554.517524		262345060.278041		72116727.31113		265925543.749536				13252		10912.666667		33760.888889		27451.444444		54503		15145.333333		116138				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748

		1		0.487202		0.59287		0.163206		0.235545		0.496591		0.512055		0.771569				0.504236		0.600549		0.174053		0.237499		0.500445		0.5354		11.689931				0.115899		0.147986		0.049608		0.105067		0.091333		0.122796		0.298255				0.1172		0.14397		0.050372		0.104217		0.091228		0.124382		7.016467				1.960533		3.669318		1.990189		7.654006		1.15826		10.655601		16.224359				1.968431		3.47317		2.454296		7.657153		1		10.655904		574.272273				2072.1176		1072.648925		2997.347375		2801.926847		7759.322805		2178.368136		6714.881746				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748				487.381235		234.022232		878.864356		860.878772		1828.413195		481.19152		1923.057187				51414296.133278		27465119.255297		125286221.598978		87586948.587159		182188248.86047		55244216.760749		265925543.749535				12006.333333		7179.666667		42655		44421		41837.333333		10477.666667		116138				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748

		2		0.517254		0.505602		0.221713		0.160603		0.499698		0.535709		0.771569				0.533447		0.534842		0.23431		0.173708		0.519503		0.556065		11.689931				0.132767		0.125282		0.070077		0.052648		0.092719		0.131117		0.298255				0.134296		0.128201		0.073993		0.055391		0.093306		0.13933		7.016467				2.942988		3.735861		4.027493		2.512864		1.07913		6.288022		16.224359				3.545845		4.50606		4.647614		2.540262		1		6.288285		574.272273				718.89945		816.812552		3170.116802		2779.075769		7673.369217		3104.846867		6714.881746				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748				164.729719		183.341655		971.976271		950.313391		1880.865259		705.543008		1923.057187				16943136.761945		24630513.579282		150725887.431174		99716895.184869		209266067.88191		85356469.006031		265925543.749536				4033.5		4704.333333		45824.222222		46028.777778		46298.333333		15100.333333		116138				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748

		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

																																		L2 metric

						COUNT		Test Set																										COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX																						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026																				0.1		0.4077025		0.3697385		0.331769		0.412231

				0.2		0.68089		0.558268		0.491147		0.576129																				0.2		0.377663		0.316352		0.2827915		0.3252825

				0.5		0.617084		0.564539		0.414787		0.57546																				0.5		0.34576		0.3094875		0.2246115		0.324948

				1		0.547202		0.47287		0.221713		0.512055																				1		0.310819		0.273653		0.1480745		0.2932455

				2		0.497254		0.425602		0.198618		0.435709																				2		0.285845		0.250019		0.119527		0.2550725

				5		0.427556		0.392455		0.163206		0.395848																				5		0.250996		0.2334455		0.098821		0.235142

				10		0.392891		0.3194		0.143272		0.348258																				10		0.2336635		0.196918		0.0918854		0.211347

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789																						L2 metric

				2		0.487254		0.312228		0.000348		0.332852																						SUM		Test Set

				5		0.427556		0.280818		0.000087		0.282088																						USAMP		WSAMP		STRAT		OTLIDX

				10		0.382891		0.231127		0.000035		0.22421																				0.1		0.4259585025		0.435093668		0.4465995569		0.4352125687

																																0.2		0.3913286652		0.3621149804		0.35995682		0.3532249075

																																0.5		0.3554116713		0.3592406113		0.1749259731		0.3034834605

																																1		0.3112720191		0.3260297308		0.1560633819		0.2528396018

																																2		0.3276550813		0.3060033707		0.1258945653		0.2362125687

																																5		0.2719360684		0.2694823388		0.0866118957		0.2033539035

																																10		0.2577257487		0.2519203646		0.0765115031		0.1673023051

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2																												COUNT

				NEG CORR (Test Set)																												z=2

				USAMP		WSAMP		STRAT		OTLIDX																						NEG CORR (Test Set)

		0.1		0.735296		1.004581		1.392693		0.98023																						USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.703617		0.779983		1.194956		0.704539																				0.1		0.632946		0.970751		1.362693		0.98023

		0.5		0.615112		0.753301		1.138198		0.787548																				0.2		0.603617		0.746153		1.164956		0.704539

		1		0.59897		0.699678		1.057754		0.670573																				0.5		0.579112		0.719471		1.108198		0.687548

		2		0.578616		0.655502		0.993546		0.637068																				1		0.51897		0.665848		1.027754		0.640573

		5		0.577631		0.606541		0.921131		0.329312																				2		0.476181		0.621672		0.993546		0.607068

		10		0.518586		0.571102		0.897588		0.270169																				5		0.431929		0.572711		0.911131		0.599312

																														10		0.391103		0.537272		0.897588		0.550169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085																						z=2

		0.2		0.696035		0.651233		0.61167		0.646311																						POS CORR (Test Set)

		0.5		0.655007		0.58005		0.334027		0.529665																						USAMP		WSAMP		STRAT		OTLIDX

		1		0.613697		0.521055		0.278034		0.452807																				0.1		0.731556		0.683855		0.70726		0.713852

		2		0.530283		0.477416		0.207023		0.415978																				0.2		0.656035		0.613933		0.58667		0.643921

		5		0.512609		0.437252		0.088675		0.301075																				0.5		0.615007		0.54275		0.329027		0.57321

		10		0.460206		0.387252		0.044812		0.196145																				1		0.573697		0.483755		0.273034		0.463902

																														2		0.490283		0.440116		0.202023		0.420839

																														5		0.472609		0.399952		0.083675		0.369447

																														10		0.420206		0.349952		0.039812		0.329303

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

																																		W-SEL-100		W-SEL-GB-100		W-GB-100

						W-SEL-100		W-SEL-GB-100		W-GB-100																						WSAMP		629		1561		1703

		WSAMP		Tagging		629		1561		1703																						OTLIDX		629		1561		1703

				Sampling		15		15		15																						STRAT		673		1609		1772

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36

				f=1%, z=2, W-SEL-GB, SUM

				USAMP		WSAMP		STRAT		OTLIDX

		25		0.520071		0.530181		0.200278		0.479012																						f=1%, z=2, W-SEL-GB, SUM

		50		0.518863		0.511753		0.210081		0.451439																						USAMP		WSAMP		STRAT		OTLIDX

		100		0.504236		0.530549		0.227499		0.453541																				25		0.517641		0.511807		0.2486728		0.454141

		200		0.514392		0.490719		0.241394		0.427761																				50		0.516433		0.493379		0.230081		0.426568

		400		0.52981		0.478803		0.268076		0.409193																				100		0.501806		0.512175		0.227499		0.42867

		800		0.501761		0.43881		0.269713		0.381685																				200		0.511962		0.472345		0.21031394		0.40289

																														400		0.52738		0.460429		0.20394876		0.384322

																														800		0.499331		0.420436		0.1939713		0.356814

				MSSales

				COUNT

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.931		0.809		0.701		0.823

		0.5		0.871		0.725		0.653		0.737

		1		0.803		0.691		0.589		0.703

		2		0.699		0.604		0.481		0.621

		5		0.486		0.392		0.295		0.409

		10		0.418		0.342		0.203		0.358

				SUM (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		1.048		0.983		0.733		0.805

		0.5		0.953		0.913		0.642		0.729

		1		0.882		0.851		0.588		0.649

		2		0.791		0.703		0.451		0.581

		5		0.626		0.625		0.266		0.433

		10		0.551		0.533		0.188		0.304

				SUM (Training Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.99		0.91		0.681		0.781

		0.5		0.9309		0.839		0.409		0.683

		1		0.898		0.728		0.228		0.608

		2		0.803		0.609		0.008		0.537

		5		0.609		0.492		0.007		0.373

		10		0.537		0.387		0.005		0.251

						USAMP		WSAMP		STRAT		OTLIDX

				0%		0.518616		0.655502		0.913218		0.617068

				20%		0.503651		0.61139		0.650032		0.573011

				40%		0.510283		0.572942		0.400394		0.533838

				60%		0.493441		0.531837		0.313947		0.498274

				80%		0.50832		0.48372		0.232819		0.466251

				100%		0.490283		0.440116		0.202023		0.420839
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		SAMPLING-RATE		USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED

		0.1		0.700969		0.665041		2.825618		2.618383		0.497869		1.11071		0.970833				0.708722		0.72501		3.917019		3.745525		0.507795		1.045222		11.621356				0.151613		0.14721		0.825329		0.772107		0.091586		0.327941		0.331017				0.150401		0.155953		1.039853		1.024846		0.09174		0.315002		6.883863				6.207315		4.872709		72.921624		29.360352		1		181.027508		16.894311				6.403003		4.708263		74.253336		31.878668		1		181.16143		573.387739				4250.302341		5659.384655		52654.831448		56719.662498		8288.124829		8754.083571		6819.959248				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152				918.248159		1244.310928		11266.270959		12222.979378		1985.220338		2116.67961		1930.72902				99335999.15272		128305421.938941		2224695744.25553		2409022677.72089		224790420.708903		270467515.833181		266232868.186367				23999.333333		34441.666667		283337		284003.333333		46366.666667		52865.333333		117709				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152
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		1		0.487202		0.59287		0.163206		0.235545		0.496591		0.512055		0.771569				0.504236		0.600549		0.174053		0.237499		0.500445		0.5354		11.689931				0.115899		0.147986		0.049608		0.105067		0.091333		0.122796		0.298255				0.1172		0.14397		0.050372		0.104217		0.091228		0.124382		7.016467				1.960533		3.669318		1.990189		7.654006		1.15826		10.655601		16.224359				1.968431		3.47317		2.454296		7.657153		1		10.655904		574.272273				2072.1176		1072.648925		2997.347375		2801.926847		7759.322805		2178.368136		6714.881746				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748				487.381235		234.022232		878.864356		860.878772		1828.413195		481.19152		1923.057187				51414296.133278		27465119.255297		125286221.598978		87586948.587159		182188248.86047		55244216.760749		265925543.749535				12006.333333		7179.666667		42655		44421		41837.333333		10477.666667		116138				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748

		2		0.517254		0.505602		0.221713		0.160603		0.499698		0.535709		0.771569				0.533447		0.534842		0.23431		0.173708		0.519503		0.556065		11.689931				0.132767		0.125282		0.070077		0.052648		0.092719		0.131117		0.298255				0.134296		0.128201		0.073993		0.055391		0.093306		0.13933		7.016467				2.942988		3.735861		4.027493		2.512864		1.07913		6.288022		16.224359				3.545845		4.50606		4.647614		2.540262		1		6.288285		574.272273				718.89945		816.812552		3170.116802		2779.075769		7673.369217		3104.846867		6714.881746				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748				164.729719		183.341655		971.976271		950.313391		1880.865259		705.543008		1923.057187				16943136.761945		24630513.579282		150725887.431174		99716895.184869		209266067.88191		85356469.006031		265925543.749536				4033.5		4704.333333		45824.222222		46028.777778		46298.333333		15100.333333		116138				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748

		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

																																		L2 metric

						COUNT		Test Set																										COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX																						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026																				0.1		0.4077025		0.3697385		0.331769		0.412231

				0.2		0.68089		0.558268		0.491147		0.576129																				0.2		0.377663		0.316352		0.2827915		0.3252825

				0.5		0.617084		0.564539		0.414787		0.57546																				0.5		0.34576		0.3094875		0.2246115		0.324948

				1		0.547202		0.47287		0.221713		0.512055																				1		0.310819		0.273653		0.1480745		0.2932455

				2		0.497254		0.425602		0.198618		0.435709																				2		0.285845		0.250019		0.119527		0.2550725

				5		0.427556		0.392455		0.163206		0.395848																				5		0.250996		0.2334455		0.098821		0.235142

				10		0.392891		0.3194		0.143272		0.348258																				10		0.2336635		0.196918		0.0918854		0.211347

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789																						L2 metric

				2		0.487254		0.312228		0.000348		0.332852																						SUM		Test Set

				5		0.427556		0.280818		0.000087		0.282088																						USAMP		WSAMP		STRAT		OTLIDX

				10		0.382891		0.231127		0.000035		0.22421																				0.1		0.4259585025		0.435093668		0.4465995569		0.4352125687

																																0.2		0.3913286652		0.3621149804		0.35995682		0.3532249075

																																0.5		0.3554116713		0.3592406113		0.1749259731		0.3034834605

																																1		0.3112720191		0.3260297308		0.1560633819		0.2528396018

																																2		0.3276550813		0.3060033707		0.1258945653		0.2362125687

																																5		0.2719360684		0.2694823388		0.0866118957		0.2033539035

																																10		0.2577257487		0.2519203646		0.0765115031		0.1673023051

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2																												COUNT

				NEG CORR (Test Set)																												z=2

				USAMP		WSAMP		STRAT		OTLIDX																						NEG CORR (Test Set)

		0.1		0.735296		1.004581		1.392693		0.98023																						USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.703617		0.779983		1.194956		0.704539																				0.1		0.632946		0.970751		1.362693		0.98023

		0.5		0.615112		0.753301		1.138198		0.787548																				0.2		0.603617		0.746153		1.164956		0.704539

		1		0.59897		0.699678		1.057754		0.670573																				0.5		0.579112		0.719471		1.108198		0.687548

		2		0.578616		0.655502		0.993546		0.637068																				1		0.51897		0.665848		1.027754		0.640573

		5		0.577631		0.606541		0.921131		0.329312																				2		0.476181		0.621672		0.993546		0.607068

		10		0.518586		0.571102		0.897588		0.270169																				5		0.431929		0.572711		0.911131		0.599312

																														10		0.391103		0.537272		0.897588		0.550169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085																						z=2

		0.2		0.696035		0.651233		0.61167		0.646311																						POS CORR (Test Set)

		0.5		0.655007		0.58005		0.334027		0.529665																						USAMP		WSAMP		STRAT		OTLIDX

		1		0.613697		0.521055		0.278034		0.452807																				0.1		0.731556		0.683855		0.70726		0.713852

		2		0.530283		0.477416		0.207023		0.415978																				0.2		0.656035		0.613933		0.58667		0.643921

		5		0.512609		0.437252		0.088675		0.301075																				0.5		0.615007		0.54275		0.329027		0.57321

		10		0.460206		0.387252		0.044812		0.196145																				1		0.573697		0.483755		0.273034		0.463902

																														2		0.490283		0.440116		0.202023		0.420839

																														5		0.472609		0.399952		0.083675		0.369447

																														10		0.420206		0.349952		0.039812		0.329303

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

																																		W-SEL-100		W-SEL-GB-100		W-GB-100

						W-SEL-100		W-SEL-GB-100		W-GB-100																						WSAMP		629		1561		1703

		WSAMP		Tagging		629		1561		1703																						OTLIDX		629		1561		1703

				Sampling		15		15		15																						STRAT		673		1609		1772

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36

				f=1%, z=2, W-SEL-GB, SUM

				USAMP		WSAMP		STRAT		OTLIDX

		25		0.520071		0.530181		0.200278		0.479012																						f=1%, z=2, W-SEL-GB, SUM

		50		0.518863		0.511753		0.210081		0.451439																						USAMP		WSAMP		STRAT		OTLIDX

		100		0.504236		0.530549		0.227499		0.453541																				25		0.517641		0.511807		0.2486728		0.454141

		200		0.514392		0.490719		0.241394		0.427761																				50		0.516433		0.493379		0.230081		0.426568

		400		0.52981		0.478803		0.268076		0.409193																				100		0.501806		0.512175		0.227499		0.42867

		800		0.501761		0.43881		0.269713		0.381685																				200		0.511962		0.472345		0.21031394		0.40289

																														400		0.52738		0.460429		0.20394876		0.384322

																														800		0.499331		0.420436		0.1939713		0.356814

				MSSales

				COUNT

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.931		0.809		0.701		0.823

		0.5		0.871		0.725		0.653		0.737

		1		0.803		0.691		0.589		0.703

		2		0.699		0.604		0.481		0.621

		5		0.486		0.392		0.295		0.409

		10		0.418		0.342		0.203		0.358

				SUM (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		1.048		0.983		0.733		0.805

		0.5		0.953		0.913		0.642		0.729

		1		0.882		0.851		0.588		0.649

		2		0.791		0.703		0.451		0.581

		5		0.626		0.625		0.266		0.433

		10		0.551		0.533		0.188		0.304

				SUM (Training Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.99		0.91		0.681		0.781

		0.5		0.9309		0.839		0.409		0.683

		1		0.898		0.728		0.228		0.608

		2		0.803		0.609		0.008		0.537

		5		0.609		0.492		0.007		0.373

		10		0.537		0.387		0.005		0.251

				2		0.578616		0.655502		0.993546		0.637068

				2		0.490283		0.440116		0.202023		0.420839
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		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

						COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026

				0.2		0.68089		0.558268		0.491147		0.576129

				0.5		0.617084		0.564539		0.414787		0.57546

				1		0.547202		0.47287		0.221713		0.512055

				2		0.497254		0.425602		0.198618		0.435709

				5		0.427556		0.392455		0.163206		0.395848

				10		0.392891		0.3194		0.143272		0.348258

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789

				2		0.487254		0.312228		0.000348		0.332852

				5		0.427556		0.280818		0.000087		0.282088

				10		0.382891		0.231127		0.000035		0.22421

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2

				NEG CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.735296		1.004581		1.392693		0.98023

		0.2		0.703617		0.779983		1.194956		0.704539

		0.5		0.615112		0.753301		1.138198		0.787548

		1		0.59897		0.699678		1.057754		0.670573

		2		0.578616		0.655502		0.993546		0.637068

		5		0.577631		0.606541		0.921131		0.329312

		10		0.518586		0.571102		0.897588		0.270169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085

		0.2		0.696035		0.651233		0.61167		0.646311

		0.5		0.655007		0.58005		0.334027		0.529665

		1		0.613697		0.521055		0.278034		0.452807

		2		0.530283		0.477416		0.207023		0.415978

		5		0.512609		0.437252		0.088675		0.301075

		10		0.460206		0.387252		0.044812		0.196145

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

						W-SEL-100		W-SEL-GB-100		W-GB-100

		WSAMP		Tagging		629		1561		1703

				Sampling		15		15		15

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36
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		SAMPLING-RATE		USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED

		0.1		0.700969		0.665041		2.825618		2.618383		0.497869		1.11071		0.970833				0.708722		0.72501		3.917019		3.745525		0.507795		1.045222		11.621356				0.151613		0.14721		0.825329		0.772107		0.091586		0.327941		0.331017				0.150401		0.155953		1.039853		1.024846		0.09174		0.315002		6.883863				6.207315		4.872709		72.921624		29.360352		1		181.027508		16.894311				6.403003		4.708263		74.253336		31.878668		1		181.16143		573.387739				4250.302341		5659.384655		52654.831448		56719.662498		8288.124829		8754.083571		6819.959248				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152				918.248159		1244.310928		11266.270959		12222.979378		1985.220338		2116.67961		1930.72902				99335999.15272		128305421.938941		2224695744.25553		2409022677.72089		224790420.708903		270467515.833181		266232868.186367				23999.333333		34441.666667		283337		284003.333333		46366.666667		52865.333333		117709				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152

		0.2		0.61089		0.558268		3.601092		3.069103		0.484447		0.576129		0.908114				0.646977		0.594889		5.479228		4.741041		0.491186		0.579038		11.769337				0.146601		0.118562		1.086559		0.904116		0.091551		0.117957		0.323165				0.149359		0.1205		1.494954		1.285522		0.091464		0.115104		7.029347				3.663452		3.075213		52.397249		35.728369		1.096435		2.52208		16.827933				3.671125		3.109004		53.412078		37.165278		1.162763		2.348644		573.795375				2050.314862		3571.870955		76722.699148		75054.605387		4718.110403		6449.390132		6699.461423				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375				464.485149		779.915592		16532.498506		16150.401647		1087.270296		1491.115712		1917.605571				60020532.677149		101735380.025804		3376754564.54978		3206653290.42744		120248463.02388		166151299.793718		265948390.978917				16613		17728		362367.333333		356977		32429.666667		30943		116417				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375

		0.5		0.577084		0.564539		0.454787		0.259459		0.500334		0.57546		0.771569				0.582937		0.589764		0.482171		0.261131		0.519166		0.618179		11.689931				0.141205		0.133395		0.197805		0.107551		0.092417		0.141491		0.298255				0.139986		0.137169		0.214096		0.107569		0.093214		0.146437		7.016467				5.284968		2.697232		12.01916		8.030607		1.220832		3.876171		16.224359				5.284007		2.701185		12.166517		8.03107		1.219459		4.076798		574.272273				2345.03597		1824.932024		3918.471132		3543.109987		9188.725079		3126.401376		6714.881746				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748				518.531013		396.461776		1149.300175		1100.892611		2289.336791		658.528814		1923.057187				58337627.126351		41941837.434204		101985701.107309		94865554.517524		262345060.278041		72116727.31113		265925543.749536				13252		10912.666667		33760.888889		27451.444444		54503		15145.333333		116138				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748

		1		0.487202		0.59287		0.163206		0.235545		0.496591		0.512055		0.771569				0.504236		0.600549		0.174053		0.237499		0.500445		0.5354		11.689931				0.115899		0.147986		0.049608		0.105067		0.091333		0.122796		0.298255				0.1172		0.14397		0.050372		0.104217		0.091228		0.124382		7.016467				1.960533		3.669318		1.990189		7.654006		1.15826		10.655601		16.224359				1.968431		3.47317		2.454296		7.657153		1		10.655904		574.272273				2072.1176		1072.648925		2997.347375		2801.926847		7759.322805		2178.368136		6714.881746				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748				487.381235		234.022232		878.864356		860.878772		1828.413195		481.19152		1923.057187				51414296.133278		27465119.255297		125286221.598978		87586948.587159		182188248.86047		55244216.760749		265925543.749535				12006.333333		7179.666667		42655		44421		41837.333333		10477.666667		116138				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748

		2		0.517254		0.505602		0.221713		0.160603		0.499698		0.535709		0.771569				0.533447		0.534842		0.23431		0.173708		0.519503		0.556065		11.689931				0.132767		0.125282		0.070077		0.052648		0.092719		0.131117		0.298255				0.134296		0.128201		0.073993		0.055391		0.093306		0.13933		7.016467				2.942988		3.735861		4.027493		2.512864		1.07913		6.288022		16.224359				3.545845		4.50606		4.647614		2.540262		1		6.288285		574.272273				718.89945		816.812552		3170.116802		2779.075769		7673.369217		3104.846867		6714.881746				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748				164.729719		183.341655		971.976271		950.313391		1880.865259		705.543008		1923.057187				16943136.761945		24630513.579282		150725887.431174		99716895.184869		209266067.88191		85356469.006031		265925543.749536				4033.5		4704.333333		45824.222222		46028.777778		46298.333333		15100.333333		116138				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748

		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

																																		L2 metric

						COUNT		Test Set																										COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX																						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026																				0.1		0.4077025		0.3697385		0.331769		0.412231

				0.2		0.68089		0.558268		0.491147		0.576129																				0.2		0.377663		0.316352		0.2827915		0.3252825

				0.5		0.617084		0.564539		0.414787		0.57546																				0.5		0.34576		0.3094875		0.2246115		0.324948

				1		0.547202		0.47287		0.221713		0.512055																				1		0.310819		0.273653		0.1480745		0.2932455

				2		0.497254		0.425602		0.198618		0.435709																				2		0.285845		0.250019		0.119527		0.2550725

				5		0.427556		0.392455		0.163206		0.395848																				5		0.250996		0.2334455		0.098821		0.235142

				10		0.392891		0.3194		0.143272		0.348258																				10		0.2336635		0.196918		0.0918854		0.211347

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789																						L2 metric

				2		0.487254		0.312228		0.000348		0.332852																						SUM		Test Set

				5		0.427556		0.280818		0.000087		0.282088																						USAMP		WSAMP		STRAT		OTLIDX

				10		0.382891		0.231127		0.000035		0.22421																				0.1		0.4259585025		0.435093668		0.4465995569		0.4352125687

																																0.2		0.3913286652		0.3621149804		0.35995682		0.3532249075

																																0.5		0.3554116713		0.3592406113		0.1749259731		0.3034834605

																																1		0.3112720191		0.3260297308		0.1560633819		0.2528396018

																																2		0.3276550813		0.3060033707		0.1258945653		0.2362125687

																																5		0.2719360684		0.2694823388		0.0866118957		0.2033539035

																																10		0.2577257487		0.2519203646		0.0765115031		0.1673023051

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2																												COUNT

				NEG CORR (Test Set)																												z=2

				USAMP		WSAMP		STRAT		OTLIDX																						NEG CORR (Test Set)

		0.1		0.735296		1.004581		1.392693		0.98023																						USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.703617		0.779983		1.194956		0.704539																				0.1		0.632946		0.970751		1.362693		0.98023

		0.5		0.615112		0.753301		1.138198		0.787548																				0.2		0.603617		0.746153		1.164956		0.704539

		1		0.59897		0.699678		1.057754		0.670573																				0.5		0.579112		0.719471		1.108198		0.687548

		2		0.578616		0.655502		0.993546		0.637068																				1		0.51897		0.665848		1.027754		0.640573

		5		0.577631		0.606541		0.921131		0.329312																				2		0.476181		0.621672		0.993546		0.607068

		10		0.518586		0.571102		0.897588		0.270169																				5		0.431929		0.572711		0.911131		0.599312

																														10		0.391103		0.537272		0.897588		0.550169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085																						z=2

		0.2		0.696035		0.651233		0.61167		0.646311																						POS CORR (Test Set)

		0.5		0.655007		0.58005		0.334027		0.529665																						USAMP		WSAMP		STRAT		OTLIDX

		1		0.613697		0.521055		0.278034		0.452807																				0.1		0.731556		0.683855		0.70726		0.713852

		2		0.530283		0.477416		0.207023		0.415978																				0.2		0.656035		0.613933		0.58667		0.643921

		5		0.512609		0.437252		0.088675		0.301075																				0.5		0.615007		0.54275		0.329027		0.57321

		10		0.460206		0.387252		0.044812		0.196145																				1		0.573697		0.483755		0.273034		0.463902

																														2		0.490283		0.440116		0.202023		0.420839

																														5		0.472609		0.399952		0.083675		0.369447

																														10		0.420206		0.349952		0.039812		0.329303

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

																																		W-SEL-100		W-SEL-GB-100		W-GB-100

						W-SEL-100		W-SEL-GB-100		W-GB-100																						WSAMP		629		1561		1703

		WSAMP		Tagging		629		1561		1703																						OTLIDX		629		1561		1703

				Sampling		15		15		15																						STRAT		673		1609		1772

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36

				f=1%, z=2, W-SEL-GB, SUM

				USAMP		WSAMP		STRAT		OTLIDX

		25		0.520071		0.530181		0.200278		0.479012																						f=1%, z=2, W-SEL-GB, SUM

		50		0.518863		0.511753		0.210081		0.451439																						USAMP		WSAMP		STRAT		OTLIDX

		100		0.504236		0.530549		0.227499		0.453541																				25		0.517641		0.511807		0.2486728		0.454141

		200		0.514392		0.490719		0.241394		0.427761																				50		0.516433		0.493379		0.230081		0.426568

		400		0.52981		0.478803		0.268076		0.409193																				100		0.501806		0.512175		0.227499		0.42867

		800		0.501761		0.43881		0.269713		0.381685																				200		0.511962		0.472345		0.21031394		0.40289

																														400		0.52738		0.460429		0.20394876		0.384322

																														800		0.499331		0.420436		0.1939713		0.356814

				MSSales

				COUNT

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.931		0.809		0.701		0.823

		0.5		0.871		0.725		0.653		0.737

		1		0.803		0.691		0.589		0.703

		2		0.699		0.604		0.481		0.621

		5		0.486		0.392		0.295		0.409

		10		0.418		0.342		0.203		0.358

				SUM (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		1.048		0.983		0.733		0.805

		0.5		0.953		0.913		0.612		0.729

		1		0.882		0.851		0.508		0.649

		2		0.791		0.703		0.391		0.581

		5		0.626		0.625		0.246		0.433

		10		0.551		0.533		0.158		0.304

				SUM (Training Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.99		0.91		0.681		0.781

		0.5		0.9309		0.839		0.3899		0.683

		1		0.898		0.728		0.208		0.608

		2		0.803		0.609		0.008		0.537

		5		0.609		0.492		0.007		0.373

		10		0.537		0.387		0.005		0.251

						USAMP		WSAMP		STRAT		OTLIDX

				0%		0.518616		0.655502		0.913218		0.617068

				20%		0.503651		0.61139		0.650032		0.573011

				40%		0.510283		0.572942		0.400394		0.533838

				60%		0.493441		0.531837		0.313947		0.498274

				80%		0.50832		0.48372		0.232819		0.466251

				100%		0.490283		0.440116		0.202023		0.420839
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		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

																																		L2 metric

						COUNT		Test Set																										COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX																						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026																				0.1		0.4077025		0.3697385		0.331769		0.412231

				0.2		0.68089		0.558268		0.491147		0.576129																				0.2		0.377663		0.316352		0.2827915		0.3252825

				0.5		0.617084		0.564539		0.414787		0.57546																				0.5		0.34576		0.3094875		0.2246115		0.324948

				1		0.547202		0.47287		0.221713		0.512055																				1		0.310819		0.273653		0.1480745		0.2932455

				2		0.497254		0.425602		0.198618		0.435709																				2		0.285845		0.250019		0.119527		0.2550725

				5		0.427556		0.392455		0.163206		0.395848																				5		0.250996		0.2334455		0.098821		0.235142

				10		0.392891		0.3194		0.143272		0.348258																				10		0.2336635		0.196918		0.0918854		0.211347

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789																						L2 metric

				2		0.487254		0.312228		0.000348		0.332852																						SUM		Test Set

				5		0.427556		0.280818		0.000087		0.282088																						USAMP		WSAMP		STRAT		OTLIDX

				10		0.382891		0.231127		0.000035		0.22421																				0.1		0.4259585025		0.435093668		0.4465995569		0.4352125687

																																0.2		0.3913286652		0.3621149804		0.35995682		0.3532249075

																																0.5		0.3554116713		0.3592406113		0.1749259731		0.3034834605

																																1		0.3112720191		0.3260297308		0.1560633819		0.2528396018

																																2		0.3276550813		0.3060033707		0.1258945653		0.2362125687

																																5		0.2719360684		0.2694823388		0.0866118957		0.2033539035

																																10		0.2577257487		0.2519203646		0.0765115031		0.1673023051

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2																												COUNT

				NEG CORR (Test Set)																												z=2

				USAMP		WSAMP		STRAT		OTLIDX																						NEG CORR (Test Set)

		0.1		0.735296		1.004581		1.392693		0.98023																						USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.703617		0.779983		1.194956		0.704539																				0.1		0.632946		0.970751		1.362693		0.98023

		0.5		0.615112		0.753301		1.138198		0.787548																				0.2		0.603617		0.746153		1.164956		0.704539

		1		0.59897		0.699678		1.057754		0.670573																				0.5		0.579112		0.719471		1.108198		0.687548

		2		0.578616		0.655502		0.993546		0.637068																				1		0.51897		0.665848		1.027754		0.640573

		5		0.577631		0.606541		0.921131		0.329312																				2		0.476181		0.621672		0.993546		0.607068

		10		0.518586		0.571102		0.897588		0.270169																				5		0.431929		0.572711		0.911131		0.599312

																														10		0.391103		0.537272		0.897588		0.550169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085																						z=2

		0.2		0.696035		0.651233		0.61167		0.646311																						POS CORR (Test Set)

		0.5		0.655007		0.58005		0.334027		0.529665																						USAMP		WSAMP		STRAT		OTLIDX

		1		0.613697		0.521055		0.278034		0.452807																				0.1		0.731556		0.683855		0.70726		0.713852

		2		0.530283		0.477416		0.207023		0.415978																				0.2		0.656035		0.613933		0.58667		0.643921

		5		0.512609		0.437252		0.088675		0.301075																				0.5		0.615007		0.54275		0.329027		0.57321

		10		0.460206		0.387252		0.044812		0.196145																				1		0.573697		0.483755		0.273034		0.463902

																														2		0.490283		0.440116		0.202023		0.420839

																														5		0.472609		0.399952		0.083675		0.369447

																														10		0.420206		0.349952		0.039812		0.329303

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

																																		W-SEL-100		W-SEL-GB-100		W-GB-100

						W-SEL-100		W-SEL-GB-100		W-GB-100																						WSAMP		629		1561		1703

		WSAMP		Tagging		629		1561		1703																						OTLIDX		629		1561		1703

				Sampling		15		15		15																						STRAT		673		1609		1772

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36

				f=1%, z=2, W-SEL-GB, SUM

				USAMP		WSAMP		STRAT		OTLIDX

		25		0.520071		0.530181		0.200278		0.479012																						f=1%, z=2, W-SEL-GB, SUM

		50		0.518863		0.511753		0.210081		0.451439																						USAMP		WSAMP		STRAT		OTLIDX

		100		0.504236		0.530549		0.227499		0.453541																				25		0.517641		0.511807		0.2486728		0.454141

		200		0.514392		0.490719		0.241394		0.427761																				50		0.516433		0.493379		0.230081		0.426568

		400		0.52981		0.478803		0.268076		0.409193																				100		0.501806		0.512175		0.227499		0.42867

		800		0.501761		0.43881		0.269713		0.381685																				200		0.511962		0.472345		0.21031394		0.40289

																														400		0.52738		0.460429		0.20394876		0.384322

																														800		0.499331		0.420436		0.1939713		0.356814

				MSSales

				COUNT

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.931		0.809		0.701		0.823

		0.5		0.871		0.725		0.653		0.737

		1		0.803		0.691		0.589		0.703

		2		0.699		0.604		0.481		0.621

		5		0.486		0.392		0.295		0.409

		10		0.418		0.342		0.203		0.358

				SUM (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		1.048		0.983		0.733		0.805

		0.5		0.953		0.913		0.612		0.729

		1		0.882		0.851		0.508		0.649

		2		0.791		0.703		0.391		0.581

		5		0.626		0.625		0.246		0.433

		10		0.551		0.533		0.158		0.304

				SUM (Training Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.2		0.99		0.91		0.681		0.781

		0.5		0.9309		0.839		0.3899		0.683

		1		0.898		0.728		0.208		0.608

		2		0.803		0.609		0.008		0.537

		5		0.609		0.492		0.007		0.373

		10		0.537		0.387		0.005		0.251

						USAMP		WSAMP		STRAT		OTLIDX

				0%		0.518616		0.655502		0.913218		0.617068

				20%		0.503651		0.61139		0.650032		0.573011

				40%		0.510283		0.572942		0.400394		0.533838

				60%		0.493441		0.531837		0.313947		0.498274

				80%		0.50832		0.48372		0.232819		0.466251

				100%		0.490283		0.440116		0.202023		0.420839
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						COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026

				0.2		0.68089		0.558268		0.491147		0.576129

				0.5		0.617084		0.564539		0.414787		0.57546

				1		0.547202		0.47287		0.221713		0.512055

				2		0.497254		0.425602		0.198618		0.435709

				5		0.427556		0.392455		0.163206		0.395848

				10		0.392891		0.3194		0.143272		0.348258

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX
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				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789

				2		0.487254		0.312228		0.000348		0.332852

				5		0.427556		0.280818		0.000087		0.282088

				10		0.382891		0.231127		0.000035		0.22421

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648
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selGB_20_100_0.resAdHoc

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: COUNT Aggregate
(W-SEL-GB-100 Test Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: COUNT Aggregate
(W-SEL-GB-100 Training Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: SUM Aggregate
(W-SEL-GB-100 Test Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: SUM Aggregate
(W-SEL-GB-100 Training Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Data Skew (z)

Error

Error Vs Data Skew: SUM Aggregate
(W-SEL-GB-100 Test Set, f=1%)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0




_1047798356.unknown

_1047882692.xls
Chart1

		0.1		0.1		0.1		0.1

		0.2		0.2		0.2		0.2

		0.5		0.5		0.5		0.5

		1		1		1		1

		2		2		2		2

		5		5		5		5

		10		10		10		10



USAMP

WSAMP

STRAT

OTLIDX

Sampling Fraction (%)

Relative Error 
(L1 Metric)

Error Vs. Sampling Fraction: COUNT Aggregate
(W-SEL-GB-100 Test Set, z=2)

0.700969

0.665041

0.589102

0.810026

0.68089

0.558268

0.491147

0.576129

0.617084

0.564539

0.414787

0.57546

0.547202

0.47287

0.221713

0.512055

0.497254

0.425602

0.198618

0.435709

0.427556

0.392455

0.163206

0.395848

0.392891

0.3194

0.143272

0.348258



selGB_20_100_0.resAdHoc

		SAMPLING-RATE		USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED

		0.1		0.700969		0.665041		2.825618		2.618383		0.497869		1.11071		0.970833				0.708722		0.72501		3.917019		3.745525		0.507795		1.045222		11.621356				0.151613		0.14721		0.825329		0.772107		0.091586		0.327941		0.331017				0.150401		0.155953		1.039853		1.024846		0.09174		0.315002		6.883863				6.207315		4.872709		72.921624		29.360352		1		181.027508		16.894311				6.403003		4.708263		74.253336		31.878668		1		181.16143		573.387739				4250.302341		5659.384655		52654.831448		56719.662498		8288.124829		8754.083571		6819.959248				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152				918.248159		1244.310928		11266.270959		12222.979378		1985.220338		2116.67961		1930.72902				99335999.15272		128305421.938941		2224695744.25553		2409022677.72089		224790420.708903		270467515.833181		266232868.186367				23999.333333		34441.666667		283337		284003.333333		46366.666667		52865.333333		117709				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152

		0.2		0.61089		0.558268		3.601092		3.069103		0.484447		0.576129		0.908114				0.646977		0.594889		5.479228		4.741041		0.491186		0.579038		11.769337				0.146601		0.118562		1.086559		0.904116		0.091551		0.117957		0.323165				0.149359		0.1205		1.494954		1.285522		0.091464		0.115104		7.029347				3.663452		3.075213		52.397249		35.728369		1.096435		2.52208		16.827933				3.671125		3.109004		53.412078		37.165278		1.162763		2.348644		573.795375				2050.314862		3571.870955		76722.699148		75054.605387		4718.110403		6449.390132		6699.461423				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375				464.485149		779.915592		16532.498506		16150.401647		1087.270296		1491.115712		1917.605571				60020532.677149		101735380.025804		3376754564.54978		3206653290.42744		120248463.02388		166151299.793718		265948390.978917				16613		17728		362367.333333		356977		32429.666667		30943		116417				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375

		0.5		0.577084		0.564539		0.454787		0.259459		0.500334		0.57546		0.771569				0.582937		0.589764		0.482171		0.261131		0.519166		0.618179		11.689931				0.141205		0.133395		0.197805		0.107551		0.092417		0.141491		0.298255				0.139986		0.137169		0.214096		0.107569		0.093214		0.146437		7.016467				5.284968		2.697232		12.01916		8.030607		1.220832		3.876171		16.224359				5.284007		2.701185		12.166517		8.03107		1.219459		4.076798		574.272273				2345.03597		1824.932024		3918.471132		3543.109987		9188.725079		3126.401376		6714.881746				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748				518.531013		396.461776		1149.300175		1100.892611		2289.336791		658.528814		1923.057187				58337627.126351		41941837.434204		101985701.107309		94865554.517524		262345060.278041		72116727.31113		265925543.749536				13252		10912.666667		33760.888889		27451.444444		54503		15145.333333		116138				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748

		1		0.487202		0.59287		0.163206		0.235545		0.496591		0.512055		0.771569				0.504236		0.600549		0.174053		0.237499		0.500445		0.5354		11.689931				0.115899		0.147986		0.049608		0.105067		0.091333		0.122796		0.298255				0.1172		0.14397		0.050372		0.104217		0.091228		0.124382		7.016467				1.960533		3.669318		1.990189		7.654006		1.15826		10.655601		16.224359				1.968431		3.47317		2.454296		7.657153		1		10.655904		574.272273				2072.1176		1072.648925		2997.347375		2801.926847		7759.322805		2178.368136		6714.881746				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748				487.381235		234.022232		878.864356		860.878772		1828.413195		481.19152		1923.057187				51414296.133278		27465119.255297		125286221.598978		87586948.587159		182188248.86047		55244216.760749		265925543.749535				12006.333333		7179.666667		42655		44421		41837.333333		10477.666667		116138				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748

		2		0.517254		0.505602		0.221713		0.160603		0.499698		0.535709		0.771569				0.533447		0.534842		0.23431		0.173708		0.519503		0.556065		11.689931				0.132767		0.125282		0.070077		0.052648		0.092719		0.131117		0.298255				0.134296		0.128201		0.073993		0.055391		0.093306		0.13933		7.016467				2.942988		3.735861		4.027493		2.512864		1.07913		6.288022		16.224359				3.545845		4.50606		4.647614		2.540262		1		6.288285		574.272273				718.89945		816.812552		3170.116802		2779.075769		7673.369217		3104.846867		6714.881746				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748				164.729719		183.341655		971.976271		950.313391		1880.865259		705.543008		1923.057187				16943136.761945		24630513.579282		150725887.431174		99716895.184869		209266067.88191		85356469.006031		265925543.749536				4033.5		4704.333333		45824.222222		46028.777778		46298.333333		15100.333333		116138				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748

		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

						COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026

				0.2		0.68089		0.558268		0.491147		0.576129

				0.5		0.617084		0.564539		0.414787		0.57546

				1		0.547202		0.47287		0.221713		0.512055

				2		0.497254		0.425602		0.198618		0.435709

				5		0.427556		0.392455		0.163206		0.395848

				10		0.392891		0.3194		0.143272		0.348258

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789

				2		0.487254		0.312228		0.000348		0.332852

				5		0.427556		0.280818		0.000087		0.282088

				10		0.382891		0.231127		0.000035		0.22421

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873





selGB_20_100_0.resAdHoc

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: COUNT Aggregate
(W-SEL-GB-100 Test Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: COUNT Aggregate
(W-SEL-GB-100 Training Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: SUM Aggregate
(W-SEL-GB-100 Test Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Sampling Rate (%)

Relative Error (L1 Metric)

Error Vs. Sampling Rate: SUM Aggregate
(W-SEL-GB-100 Training Set, z=2)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0



		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0

		0		0		0		0



USAMP

WSAMP

STRAT

OTLIDX

Data Skew (z)

Error

Error Vs Data Skew: SUM Aggregate
(W-SEL-GB-100 Test Set, f=1%)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0




_1047742357.unknown

_1047796077.unknown

_1047154396.unknown

_1047154502.unknown

_1047154285.unknown

_1047154236.unknown

_1047121715.unknown

_1047153203.unknown

_1047154038.unknown

_1047154112.unknown

_1047153330.unknown

_1047153228.unknown

_1047122425.unknown

_1047153186.unknown

_1047121725.unknown

_1047122324.unknown

_1047119852.unknown

_1047121414.unknown

_1047107785.unknown

_1047119562.unknown

_1047108928.unknown

_1047106780.unknown

_1036782254.xls
Chart6

		1		1		1		1

		1.5		1.5		1.5		1.5

		2		2		2		2

		2.5		2.5		2.5		2.5

		3		3		3		3



USAMP

WSAMP

STRAT

OTLIDX

Data Skew (z)

Relative Error 
(L1 Metric)

Error Vs Data Skew: SUM Aggregate
(W-SEL-GB-100 Test Set, f=1%)

0.481382

0.470091

0.479822

0.468146

0.480072

0.499281

0.290734

0.458172

0.504236

0.530549

0.227499

0.453541

0.548836

0.54901

0.180091

0.410081

0.579102

0.568371

0.153762

0.330873



selGB_20_100_0.resAdHoc

		SAMPLING-RATE		USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED

		0.1		0.700969		0.665041		2.825618		2.618383		0.497869		1.11071		0.970833				0.708722		0.72501		3.917019		3.745525		0.507795		1.045222		11.621356				0.151613		0.14721		0.825329		0.772107		0.091586		0.327941		0.331017				0.150401		0.155953		1.039853		1.024846		0.09174		0.315002		6.883863				6.207315		4.872709		72.921624		29.360352		1		181.027508		16.894311				6.403003		4.708263		74.253336		31.878668		1		181.16143		573.387739				4250.302341		5659.384655		52654.831448		56719.662498		8288.124829		8754.083571		6819.959248				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152				918.248159		1244.310928		11266.270959		12222.979378		1985.220338		2116.67961		1930.72902				99335999.15272		128305421.938941		2224695744.25553		2409022677.72089		224790420.708903		270467515.833181		266232868.186367				23999.333333		34441.666667		283337		284003.333333		46366.666667		52865.333333		117709				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152

		0.2		0.61089		0.558268		3.601092		3.069103		0.484447		0.576129		0.908114				0.646977		0.594889		5.479228		4.741041		0.491186		0.579038		11.769337				0.146601		0.118562		1.086559		0.904116		0.091551		0.117957		0.323165				0.149359		0.1205		1.494954		1.285522		0.091464		0.115104		7.029347				3.663452		3.075213		52.397249		35.728369		1.096435		2.52208		16.827933				3.671125		3.109004		53.412078		37.165278		1.162763		2.348644		573.795375				2050.314862		3571.870955		76722.699148		75054.605387		4718.110403		6449.390132		6699.461423				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375				464.485149		779.915592		16532.498506		16150.401647		1087.270296		1491.115712		1917.605571				60020532.677149		101735380.025804		3376754564.54978		3206653290.42744		120248463.02388		166151299.793718		265948390.978917				16613		17728		362367.333333		356977		32429.666667		30943		116417				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375

		0.5		0.577084		0.564539		0.454787		0.259459		0.500334		0.57546		0.771569				0.582937		0.589764		0.482171		0.261131		0.519166		0.618179		11.689931				0.141205		0.133395		0.197805		0.107551		0.092417		0.141491		0.298255				0.139986		0.137169		0.214096		0.107569		0.093214		0.146437		7.016467				5.284968		2.697232		12.01916		8.030607		1.220832		3.876171		16.224359				5.284007		2.701185		12.166517		8.03107		1.219459		4.076798		574.272273				2345.03597		1824.932024		3918.471132		3543.109987		9188.725079		3126.401376		6714.881746				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748				518.531013		396.461776		1149.300175		1100.892611		2289.336791		658.528814		1923.057187				58337627.126351		41941837.434204		101985701.107309		94865554.517524		262345060.278041		72116727.31113		265925543.749536				13252		10912.666667		33760.888889		27451.444444		54503		15145.333333		116138				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748

		1		0.487202		0.59287		0.163206		0.235545		0.496591		0.512055		0.771569				0.504236		0.600549		0.174053		0.237499		0.500445		0.5354		11.689931				0.115899		0.147986		0.049608		0.105067		0.091333		0.122796		0.298255				0.1172		0.14397		0.050372		0.104217		0.091228		0.124382		7.016467				1.960533		3.669318		1.990189		7.654006		1.15826		10.655601		16.224359				1.968431		3.47317		2.454296		7.657153		1		10.655904		574.272273				2072.1176		1072.648925		2997.347375		2801.926847		7759.322805		2178.368136		6714.881746				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748				487.381235		234.022232		878.864356		860.878772		1828.413195		481.19152		1923.057187				51414296.133278		27465119.255297		125286221.598978		87586948.587159		182188248.86047		55244216.760749		265925543.749535				12006.333333		7179.666667		42655		44421		41837.333333		10477.666667		116138				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748

		2		0.517254		0.505602		0.221713		0.160603		0.499698		0.535709		0.771569				0.533447		0.534842		0.23431		0.173708		0.519503		0.556065		11.689931				0.132767		0.125282		0.070077		0.052648		0.092719		0.131117		0.298255				0.134296		0.128201		0.073993		0.055391		0.093306		0.13933		7.016467				2.942988		3.735861		4.027493		2.512864		1.07913		6.288022		16.224359				3.545845		4.50606		4.647614		2.540262		1		6.288285		574.272273				718.89945		816.812552		3170.116802		2779.075769		7673.369217		3104.846867		6714.881746				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748				164.729719		183.341655		971.976271		950.313391		1880.865259		705.543008		1923.057187				16943136.761945		24630513.579282		150725887.431174		99716895.184869		209266067.88191		85356469.006031		265925543.749536				4033.5		4704.333333		45824.222222		46028.777778		46298.333333		15100.333333		116138				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748

		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

						COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026

				0.2		0.68089		0.558268		0.491147		0.576129

				0.5		0.617084		0.564539		0.414787		0.57546

				1		0.547202		0.47287		0.221713		0.512055

				2		0.497254		0.425602		0.198618		0.435709

				5		0.427556		0.392455		0.163206		0.395848

				10		0.392891		0.3194		0.143272		0.348258

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789

				2		0.487254		0.312228		0.000348		0.332852

				5		0.427556		0.280818		0.000087		0.282088

				10		0.382891		0.231127		0.000035		0.22421

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2

				NEG CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.735296		1.004581		1.392693		0.98023

		0.2		0.703617		0.779983		1.194956		0.704539

		0.5		0.615112		0.753301		1.138198		0.787548

		1		0.59897		0.699678		1.057754		0.670573

		2		0.578616		0.655502		0.993546		0.637068

		5		0.577631		0.606541		0.921131		0.329312

		10		0.518586		0.571102		0.897588		0.270169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085

		0.2		0.696035		0.651233		0.61167		0.646311

		0.5		0.655007		0.58005		0.334027		0.529665

		1		0.613697		0.521055		0.278034		0.452807

		2		0.530283		0.477416		0.207023		0.415978

		5		0.512609		0.437252		0.088675		0.301075

		10		0.460206		0.387252		0.044812		0.196145

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

						W-SEL-100		W-SEL-GB-100		W-GB-100

		WSAMP		Tagging		629		1561		1703

				Sampling		15		15		15

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36
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		SAMPLING-RATE		USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED				USAMP		WSAMP		OPTIMCount		OPTIMSum		CONGRESS		OTLIDX		CANNED

		0.1		0.700969		0.665041		2.825618		2.618383		0.497869		1.11071		0.970833				0.708722		0.72501		3.917019		3.745525		0.507795		1.045222		11.621356				0.151613		0.14721		0.825329		0.772107		0.091586		0.327941		0.331017				0.150401		0.155953		1.039853		1.024846		0.09174		0.315002		6.883863				6.207315		4.872709		72.921624		29.360352		1		181.027508		16.894311				6.403003		4.708263		74.253336		31.878668		1		181.16143		573.387739				4250.302341		5659.384655		52654.831448		56719.662498		8288.124829		8754.083571		6819.959248				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152				918.248159		1244.310928		11266.270959		12222.979378		1985.220338		2116.67961		1930.72902				99335999.15272		128305421.938941		2224695744.25553		2409022677.72089		224790420.708903		270467515.833181		266232868.186367				23999.333333		34441.666667		283337		284003.333333		46366.666667		52865.333333		117709				455113429.430844		596317114.138008		9971460099.61435		10712959787.4734		915921419.016201		1074824017.69544		730314158.284152

		0.2		0.61089		0.558268		3.601092		3.069103		0.484447		0.576129		0.908114				0.646977		0.594889		5.479228		4.741041		0.491186		0.579038		11.769337				0.146601		0.118562		1.086559		0.904116		0.091551		0.117957		0.323165				0.149359		0.1205		1.494954		1.285522		0.091464		0.115104		7.029347				3.663452		3.075213		52.397249		35.728369		1.096435		2.52208		16.827933				3.671125		3.109004		53.412078		37.165278		1.162763		2.348644		573.795375				2050.314862		3571.870955		76722.699148		75054.605387		4718.110403		6449.390132		6699.461423				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375				464.485149		779.915592		16532.498506		16150.401647		1087.270296		1491.115712		1917.605571				60020532.677149		101735380.025804		3376754564.54978		3206653290.42744		120248463.02388		166151299.793718		265948390.978917				16613		17728		362367.333333		356977		32429.666667		30943		116417				267420454.317903		447283543.845231		14948490916.7703		14278288837.7007		512522941.589547		725176575.042861		718900233.555375

		0.5		0.577084		0.564539		0.454787		0.259459		0.500334		0.57546		0.771569				0.582937		0.589764		0.482171		0.261131		0.519166		0.618179		11.689931				0.141205		0.133395		0.197805		0.107551		0.092417		0.141491		0.298255				0.139986		0.137169		0.214096		0.107569		0.093214		0.146437		7.016467				5.284968		2.697232		12.01916		8.030607		1.220832		3.876171		16.224359				5.284007		2.701185		12.166517		8.03107		1.219459		4.076798		574.272273				2345.03597		1824.932024		3918.471132		3543.109987		9188.725079		3126.401376		6714.881746				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748				518.531013		396.461776		1149.300175		1100.892611		2289.336791		658.528814		1923.057187				58337627.126351		41941837.434204		101985701.107309		94865554.517524		262345060.278041		72116727.31113		265925543.749536				13252		10912.666667		33760.888889		27451.444444		54503		15145.333333		116138				270256392.755518		189677816.229965		329698232.190128		280463237.22989		1058263582.61494		338641843.724241		713941938.30748

		1		0.487202		0.59287		0.163206		0.235545		0.496591		0.512055		0.771569				0.504236		0.600549		0.174053		0.237499		0.500445		0.5354		11.689931				0.115899		0.147986		0.049608		0.105067		0.091333		0.122796		0.298255				0.1172		0.14397		0.050372		0.104217		0.091228		0.124382		7.016467				1.960533		3.669318		1.990189		7.654006		1.15826		10.655601		16.224359				1.968431		3.47317		2.454296		7.657153		1		10.655904		574.272273				2072.1176		1072.648925		2997.347375		2801.926847		7759.322805		2178.368136		6714.881746				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748				487.381235		234.022232		878.864356		860.878772		1828.413195		481.19152		1923.057187				51414296.133278		27465119.255297		125286221.598978		87586948.587159		182188248.86047		55244216.760749		265925543.749535				12006.333333		7179.666667		42655		44421		41837.333333		10477.666667		116138				224264748.341892		124293551.122205		436803893.081394		236002979.664497		785691650.929309		239611595.861185		713941938.30748

		2		0.517254		0.505602		0.221713		0.160603		0.499698		0.535709		0.771569				0.533447		0.534842		0.23431		0.173708		0.519503		0.556065		11.689931				0.132767		0.125282		0.070077		0.052648		0.092719		0.131117		0.298255				0.134296		0.128201		0.073993		0.055391		0.093306		0.13933		7.016467				2.942988		3.735861		4.027493		2.512864		1.07913		6.288022		16.224359				3.545845		4.50606		4.647614		2.540262		1		6.288285		574.272273				718.89945		816.812552		3170.116802		2779.075769		7673.369217		3104.846867		6714.881746				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748				164.729719		183.341655		971.976271		950.313391		1880.865259		705.543008		1923.057187				16943136.761945		24630513.579282		150725887.431174		99716895.184869		209266067.88191		85356469.006031		265925543.749536				4033.5		4704.333333		45824.222222		46028.777778		46298.333333		15100.333333		116138				77788739.440326		113544003.811064		512342417.816005		248616842.19176		855869570.812385		358598281.989175		713941938.30748

		5		0.427556		0.452455		0.198618		0.11392		0.506548		0.395848		0.771569				0.4341		0.469725		0.231853		0.103667		0.521481		0.389648		11.689931				0.110795		0.113532		0.057699		0.031849		0.092225		0.100833		0.298255				0.111621		0.114878		0.065398		0.029446		0.092894		0.100334		7.016467				2.190543		2.011037		3.333849		1.740864		1		4.971113		16.224359				2.20838		2.028519		3.38591		1.757964		1		5.010494		574.272273				640.722715		640.737297		3514.542298		2256.920817		8120.902926		1033.380475		6714.881746				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748				145.305051		133.280128		1072.813912		931.69056		1900.129471		232.035137		1923.057187				19576182.90892		17636370.170951		182612119.296512		109899878.263606		210491528.901344		28431808.868467		265925543.749536				3760		3484.333333		45451.444444		45245		40920.666667		5349.666667		116138				88193921.7828		83146307.739313		653027492.642064		244408642.914891		907426222.064355		118763545.984191		713941938.30748

		10		0.392891		0.4194		0.143272		0.08261		0.485243		0.258258		0.771569				0.408763		0.438412		0.162308		0.085658		0.498317		0.247538		11.689931				0.102169		0.109872		0.039768		0.024226		0.091185		0.071013		0.298255				0.104396		0.112875		0.041373		0.024545		0.09154		0.069672		7.016467				1.743737		2.009507		5.081407		1.835715		1		3.001324		16.224359				1.73685		2.035946		5.105412		1.852376		1		3.026634		574.272273				580.99826		539.785672		3220.723817		2259.18928		5259.923805		575.837302		6714.881746				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748				133.329969		117.150018		1024.865589		917.810323		1168.944437		130.382402		1923.057187				16796016.314998		14498523.700001		203826008.200294		105239841.387408		139412222.674598		13850114.048356		265925543.749536				2760.333333		2681.666667		41462.888889		39948.333333		29803.333333		2861		116138				72507395.616171		66077589.216783		757981946.662271		234019988.091118		615365901.523387		58275682.419409		713941938.30748

						COUNT		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.700969		0.665041		0.589102		0.810026

				0.2		0.68089		0.558268		0.491147		0.576129

				0.5		0.617084		0.564539		0.414787		0.57546

				1		0.547202		0.47287		0.221713		0.512055

				2		0.497254		0.425602		0.198618		0.435709

				5		0.427556		0.392455		0.163206		0.395848

				10		0.392891		0.3194		0.143272		0.348258

						COUNT		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.710469		0.564945		0.477342		0.670443

				0.2		0.66089		0.496217		0.394526		0.547576

				0.5		0.627084		0.466226		0.001555		0.513109

				1		0.567202		0.361413		0.000643		0.393789

				2		0.487254		0.312228		0.000348		0.332852

				5		0.427556		0.280818		0.000087		0.282088

				10		0.382891		0.231127		0.000035		0.22421

						SUM		Test Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.708722		0.72501		0.745525		0.725222

				0.2		0.646977		0.594889		0.591041		0.579038

				0.5		0.582937		0.589764		0.261131		0.508179

				1		0.504236		0.530549		0.227499		0.453541

				2		0.533447		0.494842		0.173708		0.406065

				5		0.4341		0.429725		0.103667		0.329648

				10		0.408763		0.398412		0.085658		0.247538

						SUM		Training Set

						USAMP		WSAMP		STRAT		OTLIDX

				0.1		0.642575		0.59676		0.545525		0.515773

				0.2		0.606765		0.577441		0.341041		0.410323

				0.5		0.512435		0.426891		0.001029		0.361896

				1		0.457987		0.387258		0.000387		0.29439

				2		0.44287		0.350503		0.000214		0.236251

				5		0.3525		0.31133		0.00011		0.185001

				10		0.34091		0.30344		0.00003		0.135826

						W-SEL-GB-100

						SUM		Test Set		f = 1%

						USAMP		WSAMP		STRAT		OTLIDX

				1		0.481382		0.470091		0.479822		0.468146

				1.5		0.480072		0.499281		0.290734		0.458172

				2		0.504236		0.530549		0.227499		0.453541

				2.5		0.548836		0.54901		0.180091		0.410081

				3		0.579102		0.568371		0.153762		0.330873

				PURE GB		COUNT		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.675606		0.654299		0.434312		0.681447		0.373477

		0.2		0.625606		0.614299		0.310796		0.586734		0.320802

		0.5		0.5544497		0.562149		0.001353		0.500571		0.231226

		1		0.524058		0.514697		0.000727		0.466486		0.202997

		2		0.499043		0.504571		0.000137		0.424645		0.177158

		5		0.457527		0.436851		0.000027		0.357622		0.121433

		10		0.399519		0.392663		0.000007		0.294934		0.101433

				PURE GB		SUM		Test Set

				USAMP		WSAMP		STRAT		OTLIDX		CONG

		0.1		0.770142		0.744337		0.708261		0.716205		0.624251

		0.2		0.701258		0.734337		0.518492		0.492884		0.503858

		0.5		0.647052		0.641314		0.00054		0.430791		0.469729

		1		0.563538		0.551159		0.000339		0.375119		0.415185

		2		0.56625		0.549852		0.000172		0.324999		0.39797

		5		0.450991		0.430532		0.000074		0.258496		0.373556

		10		0.412131		0.421865		0.000026		0.224148		0.361932

				z=2

				NEG CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.735296		1.004581		1.392693		0.98023

		0.2		0.703617		0.779983		1.194956		0.704539

		0.5		0.615112		0.753301		1.138198		0.787548

		1		0.59897		0.699678		1.057754		0.670573

		2		0.578616		0.655502		0.993546		0.637068

		5		0.577631		0.606541		0.921131		0.329312

		10		0.518586		0.571102		0.897588		0.270169

				z=2

				POS CORR (Test Set)

				USAMP		WSAMP		STRAT		OTLIDX

		0.1		0.771556		0.721155		0.77226		0.752085

		0.2		0.696035		0.651233		0.61167		0.646311

		0.5		0.655007		0.58005		0.334027		0.529665

		1		0.613697		0.521055		0.278034		0.452807

		2		0.530283		0.477416		0.207023		0.415978

		5		0.512609		0.437252		0.088675		0.301075

		10		0.460206		0.387252		0.044812		0.196145

				Running Time

				WSAMP				STRAT				OTLIDX

				Tagging		Sampling		Tagging		Sampling		Tagging		Sampling

		W-SEL-100		629		15		673		49		629		29

		W-SEL-GB-100		1561		15		1609		57		1561		29

		W-GB-100		1703		15		1772		52		1703		29

						W-SEL-100		W-SEL-GB-100		W-GB-100

		WSAMP		Tagging		629		1561		1703

				Sampling		15		15		15

		STRAT		Tagging		673		1609		1772

				Sampling		59		77		70

		OTLIDX		Tagging		629		1561		1703

				Sampling		36		36		36
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