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Abstractxe "Introduction"
We conducted an in-depth analysis of the processor and memory behavior of three commercial database management systems, running simple selection queries. The goal was to find and understand bottlenecks across. In addition, we evaluated vertical partitioning as a technique to reduce data-related memory stall time. 

 AUTONUMLGL \* Arabic\e  Introductionxe "Introduction"
Traditionally, a major database system performance bottleneck has been I/O, because all database applications were managing large amounts of data, residing in secondary storage media. For systems with sufficient I/O bandwidth the bottleneck was CPU speed. Recently the bottleneck for many of these applications has moved to memory, as well as processor, resources because

· Processor speed is much higher than memory speed, and the gap continues to grow.

· Systems have added 2 and 3 level caching for main memory. The sizes and behaviors of these caches are not tuned to database system behavior.

· Main memory sizes have grown to several gigabytes, large enough to hold an entire database in some cases. The hottest data is often found in memory.

· Many database applications perform sophisticated computations on data (for example, data mining and spatial database algorithms) that require substantial processor resources.

· Processor designers mainly target scientific application benchmarks. DBMSs are very large and hard to configure software packages, with several different workload benchmarks. Consequently, non-mainframe processors have not been designed for these commercial workloads, and the workloads perform worse than scientific workloads.

Our goals are to investigate why database applications do not take full advantage of some sophisticated modern processor designs (such as Intel Xeon), discover the major bottlenecks, and determine if simple benchmarks can adequately represent more complex, traditional benchmarks in this investigation. Continuing previous research, we investigated database processor performance using microbenchmarks and evaluated them as replacements for TPC benchmarks for instruction-level optimization purposes.

Previous research has shown that database processor behavior is far from optimal when executing either single-query, main memory workloads [1] or TPC-C [2]. The studies show that the processor is idle at least half of the execution time, and most of the stalls (delays) are related to unavailability of instructions or low opportunity for parallelism in the instruction stream. More specifically, misses in the instruction cache and branch mispredictions cause processor delays that are difficult for the processor to hide. In addition, data producer-consumer dependencies in the instruction stream are so tight, that the out-of-order execution engine cannot rearrange the instructions and execute them in parallel, overlapping memory delays with computation.

We first investigated where the performance bottlenecks are when varying the access method, the selectivity, the record size and the buffer pool sizeFrom these results, as well as from other experiments that compare microbenchmarks and TPC hardware behavior [1], we conclude that microbenchmarks can be synthesized to achieve much of the performance improvement that an executable trained with TPC-C offers.

Section 2 describes the main results from experimenting with three DBMSs on a common hardware platform. Section 3 describes the effects of varying several workload parameters such as access methods, selectivity, row size, and table size. Section 4 contrasts SQL Server and System B in terms of the effects instruction stream optimizations have on them; it also attempts a comparison of BBT [4] training scenario, investigating simpler alternatives that achieve much of the benefits seen with TPC-C.

 AUTONUMLGL \* Arabic\e  Execution time breakdown of three DBMSsxe "Data Structures"
This Section 

(a) corroborates previous results [1] on another platform, allowing them to be calibrated to the current study.

(b) gains insight into how the imprecise processor instrumentation reflects the actual stall behavior, and 

(c) determines trends in stall-prone code across database systems. 

We first present the experimental setup, methodology, and workload details, and then discuss the results.

 AUTONUMLGL \* Arabic\e  Time breakdown model vs. overlap factor

To determine the components of processor execution time, we use the model described in [1]. In summary, this model states that, at any time, the processor is either doing useful work (“computation” time) or it is idle (“stall” time). Stall time can occur for many reasons:

· Failure to find instructions or data in L1 cache (memory-related stall time),

· Failure to predict a branch correctly (stall time due to branch mispredictions), or

· Unavailability of computation resources like buffers or functional units (resource-related stalls).

Accounting for multiple execution streams within the processor complicates the model. Processor instrumentation does not expose exactly how each stream is divided into computation and stall intervals nor how the intervals from different streams overlap. The model assumes that the time to execute a query equals the sum of the computation time plus the sum of the stall times due to the above three factors, minus an overlap factor. The overlap factor accounts for stall time in one execution stream that is overlapped with computation or stalls time in another stream, and also accounts for the parallelism within the execution units that executes micro operations concurrently. This section discusses how the overlap factor can affect the validity of the time breakdown.

If there was an accurate processor simulator, the validity of the breakdown could be checked by measuring the “correction factor” for each component to give the correct (measured) CPI. For example, we can use the counters to measure the correct penalty for a branch misprediction by setting all other components of the processor to a “perfect” state (e.g., indefinite caches that never miss, indefinite functional units, etc) and measuring the penalty incurred when the branch predictor suggests the wrong path. Accurate processor simulators are not publicly available, therefore the counter estimations can only be used to show general trends, and cannot be used to accurately estimate stall times.

· The processor is pipelined and uses out-of-order execution with instruction level parallelism to overlap computation of different instructions and reduce execution time. Our model for execution time breakdown is accurate for the time components that we can measure accurately (after overlaps are subtracted) but is less accurate for time components that must be estimated using heuristic formulas. 

The memory stalls consist of instruction and data-related stalls. Instruction stalls are measured. Therefore statements about instruction demands on the memory hierarchy are exact.. Data stalls are estimated, with a tendency to overestimate the second-level cache data stalls (we multiply the number of misses by the measured memory latency, but there may be overlap with computation and/or resource-related stalls [4]). Resource stalls are measured. As discussed in Section 2.7, resource stalls can overlap with L2 data stalls (as estimated by our model).

We use the difference between the measured CPI (clock cycles divided by the number of instructions retired) and the expected CPI (sum of measured or calculated clock cycles from the execution time components divided by the number of instructions retired) to determine whether we overestimate or underestimate stall time. In our experiments the measured CPI is lower than the expected CPI by at most 10% in most cases (stalls are overestimated). As the total data-related stalls (data cache and data dependency related stalls) increase, the error increases (because data stalls are easier to overlap and data cache stalls are estimated, not measured). However, a 10% error is too small to change the experiments’ conclusions. Therefore, we have normalized the results presented with the CPI deviation.

 AUTONUMLGL \* Arabic\e  Description of the workloadxe "Hierarchy"
The database workload is an aggregate range query executed against a single relation. This simple workload, combined with different range constant settings and different access paths, is called a ‘Micro Benchmark’. The SQL table definition is:

create table R
(
a1
integer  not null,

a2
integer  not null,

s
char(StrSize)  not null );

The SQL range query that forms the microbenchmark is:

select  avg (a1)

from R

where a2 < Hi and a2 > Lo;

The parameters in italics in the above SQL statements vary across the experiments. The qualification attribute, a2, has 20,000 distinct values, distributed like the field l_partkey from the lineitem table in the TPC-D benchmark database [3]. We vary the workload parameters as follows: 

· Access method. With no indices and no statistics, systems do sequential scan. When an index is present, we force the systems to use it by supplying optimizer hints (even if this is the “wrong” plan). Unless otherwise stated, the default access method is sequential scan. The other access methods used are secondary (non-clustered) index and primary (clustered) index.

· Selectivity. We adjust Hi and Lo to get the desired selectivity. The default selectivity for the results presented here is 10%.

· Record size. The parameter StrSize determines the size of the record. The default record size is 100 bytes (StrSize is 92).

· Page Size:  All systems were forced to use 8KB pages, rather than their default page size.  Without doing that, some of the experimental results are harder to compare (some of the systems default to a 4KB page size). This is the only change we made to the default system configuration of each DBMS, unless otherwise stated.

· Buffer pool size. The size of the buffer pool determines whether there will be I/O or not. The default buffer pool is more than 140 MB, with 8KB pages. The default table size is 40 MB (400,000 100-byte records), so that it fits easily into the buffer pool. All experiments start with warm cache and, unless otherwise stated, require no I/O.

All indexes were created after populating the table, and the index key is a2. For DBMSs that do not allow creation of primary indexes, we constructed the table by specifying a primary key that included all three columns in the following sorted order: a2, a1, s. This way we ensured at least inter-page clustering of data. 

NOTE: Varying the access methods, selectivity, and table structure exercises different DBMS code paths in different proportions. This allows us to deduce the behavior of each type of code path. The resulting access path is not necessarily the one the optimizer would choose. Thus, the results here should not be viewed as a comparison of optimizer choices. In particular, for 10% selectivity and 8KB page sizes, sequential rather than index scan is the correct choice, since each page will contain 80 records.  Yet we forced the systems to pick an index scan in order to test that code path. Unfortunately, one of the systems executes this index scan by doing a tuple sort, and this confounds one of our experimental results.

 AUTONUMLGL \* Arabic\e  Platform and methodologyxe "Hierarchy"
We executed the above workload against three commercial database management systems, A, B, and C.  Each DBMS runs on an identical Intel based platform running NT 4.0 SP5. The hardware consists of a Xeon processor that runs at 400MHz and is connected to a 256MB main memory via a 100MHz bus. The processor has a split first-level (L1) cache (16KB instruction and 16KB data) and a unified 512 KB second-level (L2) cache. Caches at both levels are non-blocking and 4-way associative, with 32-byte cache lines.

We used the Pentium II hardware performance counters to measure some of the time breakdown components. We estimated the rest of the components by measuring related events and multiplying by a penalty. Unless noted otherwise, all data represents user-level instructions (system-level instruction counts were usually only a few percent of the total). The details off the experimental setup and the use of the counters are described elsewhere [1].

 AUTONUMLGL \* Arabic\e  Computation and stall timexe "Hierarchy"s

Figure 2.1 compares the execution times, clock-per-instruction rates and instructions retired per record selected for all systems A, B, and C executing the range query on a main-memory-resident table with 100-byte records and 10% selectivity. Basic loop implementation differs significantly across DBMSs. The number of instructions retired per record varies across systems by a factor of 2-4 for the same query. The implementation diversity is reflected in the different execution times and CPI rates.

The middle graph of Figure 2.1 shows high CPI rates for the range queries. The Xeon processor is capable of retiring 3 instructions per cycle, so the optimal (minimum) CPI is 0.33. Overall, the CPI rates for these simple benchmarks are much higher than 0.33 and also significantly higher than the SPECInt benchmark’s CPI (0.7). 

Despite the variation, the time breakdowns reveal interesting common behavior. Figure 2.2 depicts the contribution of each of the four time breakdown parameters [1] to the overall execution time. The graphs on the left, center, and right show the execution of the sequential scan, the secondary index access, and clustered index access. There are two observations from Figure 2.2:
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Computation time accounts for at most half the execution time. All types of stalls should be addressed to improve performance. 

2. Delays due to the memory hierarchy are the major reason for stalls. Techniques have been proposed for optimizing memory hierarchy usage, but the processor-memory speed gap is still not easy to hide.

Figure 2.3 shows that although relative contribution varies, all types of stalls significantly influence the execution time. The DBMS developer can reduce memory hierarchy related stalls by building memory-conscious algorithms and data structures. Branch mispredictions and resource stalls are mostly addressable by the compiler and hardware levels, respectively. In what follows, we discuss the three types of stalls in more detail.

We should mention that the ideal case, corresponding to highest processor utilization, in Figures 2.2 and 2.3 is to have computation be a very high percentage of the total with the remaining due to memory stalls. The ideal case for the corresponding memory stall breakdown in Figure 2.4 is to have all the stalls due to compulsory (first usage) data stalls.
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 AUTONUMLGL \* Arabic\e  Memory hierarchy stalls

Figure 2.4 depicts the relative contribution of memory stalls due to data and instruction misses on the first and second-level caches of the processor, including estimated stalls related to the instruction translation lookaside buffer (ITLB)
. The observations corroborate previous results [1]:

· First-level data cache stall time is insignificant,

· First-level instruction cache misses are very important, and

· Second-level cache data misses are important. 

Systems A and B use post-compilation tools to optimize the instruction stream and assist in reducing costs associated with branch mispredictions and L1 instruction cache misses (ETCH[5] is a similar tool). However the tools work better for system A than for System B. System B consistently suffers from a higher number of ITLB misses than Systems A and C, and ITLB misses incur high stall penalties (~32 cycles for our experiments). Low ITLP performance is a result of poorly packed instruction streams, therefore reducing ILTB misses will have a positive impact on first-level instruction cache stalls as well. 

 AUTONUMLGL \* Arabic\e  Calculating basic loop overheads

During sequential scan, the DBMS executes buffer pool code before accessing records in a new page. The buffer pool code involves choosing and unfixing the old page, fixing the new page, reading the page header, and locating the record directory. Throughout our experiments there is strong evidence that this code to access a page (we also refer to it as ‘crossing page boundaries’) is expensive in terms of first-level instruction stalls:

· As the record size increases, the number of first-level instruction cache misses per record increases; this probably results from the buffer pool code replacing the record processing loop into the L1I cache more often for large than for small records.

· During secondary (non-clustered) index access, systems A and C, that access a page per qualifying record, have much more L1I stalls than B (which sorts the RIDs and accesses each page only once). 

This section presents a simple model for estimating the page crossing-related data. The model takes into account the basic algorithms for performing the sequential scan and the clustered index access, and uses the values of the performance counters to construct linear systems of equations that predict the performance cost of each query step. The code is modeled by an initialization phase followed by a loop that accesses pages.  Within the page access loop is a nested loop to access records on the page and qualify them to see if they satisfy the query predicate. Within the record access loop there is a computed branch to calculate AVERAGE () for qualifying records. For the secondary index scan, this branch first accesses a page and then a record within the page. Each code segment is characterized by the number of cycles (including both computation and stalls) it takes to execute the code path once.

Let CINIT be the initialization overhead of a sequential scan in cycles, CP be the number of cycles spent to access a page, CR the number of cycles to access a record (and determine whether it qualifies), and CA the number of cycles to compute the aggregate (per qualifying record). Let NPr be the number of pages the table occupies when the record size is r bytes, NR be the number of records in the table and NA the number of qualifying records contributing to the aggregate. The total number of cycles the query takes to execute, CQS, is approximated by the following equation:

CQS = CINIT + NP * CP + NR* CR + NA * CA
Assuming selectivity n, the equation becomes 

CQS(n)= CINIT + NP * CP + NR* CR + n*NR * CA


The corresponding equation for the range query with use of a clustered index involves visiting only the qualifying pages in a sorted table (assuming selectivity n): 

CQC(n) = CINIT + n*NP * CP + n*NR* (CR + CA)


The above equations contains several known or measurable factors:

· CQS(n) is measurable with the counters
· NP,r is known

· NR is 400,000

Measuring the query CPI for various selectivities and 100-byte records, gives several equations:

CQS(0)= CINIT + NP,100 * CP + 400000 * CR
(i)

C QS(1) = CINIT + NP,100 * CP + 400000 * CR + 4000 * CA
(ii)

C QS(10) = CINIT + NP,100 * CP + 400000 * CR + 40000 * CA
(iii)

C QS(100) = CINIT + NP,100 * CP + 400000 * CR + 400000 * CA
(iv)

We can combine the above equations to estimate the number of cycles required to calculate the average function per record (CA). An example of the resulting equation from combining (iii) and (iv) is

CA = (C QS(100) – C QS(10)) / (400000 – 40000)

and so on. 

The corresponding equations for clustered index access will give CR + CA, and eventually CR. Finally, to estimate the page accessing overhead, we use data from running the sequential scan for 8-byte and 100-byte records. The equations for the sequential scan and 100% selectivity are:

C(100)100 = CINIT + NP,100 * CP + 400000 * (CR + CA)
(v)

C(100)8 = CINIT + NP,8 * CP + 400000 * (CR + CA)
(vi)

Subtracting these two equations yields

Cp = (C(100)100 – C(100)8) / (NP,100 – NP,8)

We used the above model to estimate the page accessing and record accessing costs in cycles. The following table shows the costs of sequentially accessing records and pages in clock cycles. 

	
	A
	B
	C

	CR
	167
	1,219
	477

	CA
	750
	275
	484

	Cp
	8,203
	7,508
	11,728


Although the three systems have different costs associated with accessing and evaluating each record, the page access cost (Cp) is dominant across all systems. By simply extending the model we estimated record and page accessing costs in units of instructions retired, number of cache misses at either level, and other measurable events. We have observed that:

· For a sequential scan, the CPI for accessing a page is four times higher than the CPI for processing a record. 

· Instruction-related stall time, ITLB misses, and branch misprediction rate are higher when accessing a new page than when accessing a new record. 

· The number of instruction and data misses in the L1 cache is two orders of magnitude higher when accessing a page than when accessing a record. Evidently, the buffer pool code misses the instruction cache for each new page accessed. 

From the above we conclude that there is a need for more cache-conscious buffer pool code, which will not increase the instruction related stall time. As is discussed in Section 3.3, vertical partitioning of data also reduces the number of data pages a query spans, so it therefore reduces instruction-related costs.

 AUTONUMLGL \* Arabic\e  Branch misprediction stallsxe "BLKID"
Figure 2.2 shows that the branch mispredictions contribute a 5%-18% of the query execution time. Although the contribution is negligible for some queries, branch mispredictions are an important problem because they can deteriorate instruction cache performance and cause a serial bottleneck in the pipeline (as do all kinds of stalls that reduce instruction availability [1]). In addition, the branch misprediction penalty is usually high (15-17 cycles) because it involves flushing the pipeline and undoing possible execution results. Therefore, even a few mispredictions can contribute significantly to the execution time. Finally, the BTB (Branch Target Buffer) miss rate is high (35%-55%) because the loops are simply too big and contain too many branches to fit in the BTB. The hardware guesses the branch target outcome when the branch misses the BTB.

 AUTONUMLGL \* Arabic\e  Hardware resource stallsxe "BLKID"
In Figure 2.2, the top part of each bar represents stall time due to hardware resources (“resource stalls”). Hardware resource stall time is the sum of stalls due to:

1. Too tight data dependencies amongst instructions in the instruction pool - this restricts the opportunity for instruction-level parallelism (ILP) in the out-of-order execution engine. Whenever the processor stalls because it cannot resolve the data dependencies and execute instructions out of order, the PARTIAL_RAT_STALLS counter is incremented.

2. The execution unit includes functional units, such as integer and floating point computation units and load/store buffers. The number of entries in the register-renaming buffer (ROB) is also limited. Whenever instruction decoding and data availability get ahead of execution, there may be excess demand for some type of resource and the RESOURCE_STALLS counter is incremented.

Unfortunately, there is no way to count how many resource stall cycles are due to unavailability of a certain kind of functional unit, e.g., floating-point unit. However, 50% of the instructions executed in our workload are memory references; therefore, the demand for load buffers is high, although we do not know the exact amount of load buffers in our execution unit. 

The resource related stalls are related to and may overlap with memory stalls. If a load takes a long time to execute, it blocks retirement of the subsequent (in program order) instructions from the ROB. The execution engine can execute five instructions per cycle, only one of which can be a load. The typical main memory latency is 65-70 cycles; the average time to service an L1 data cache miss is about 35-50 cycles. If there is a load at the top of the ROB, other instructions may be piling up into the ROB waiting for the load to retire. The ROB may fill from these instructions, and resource stalls may be caused because of unavailability of ROB entries. In addition, even when the load is serviced, the processor can only retire three instructions per cycle. Therefore, resource stalls may be due to memory-related reasons. 

 AUTONUMLGL \* Arabic\e  Conclusionsxe "Hierarchy"
In order to calculate the time spent in each of the processor and memory components when executing selection queries on three commercial database management systems, we use a time breakdown model that uses hardware counter measurements from real-time execution of DBMSs. We evaluated the model by comparing the expected CPI with the measured CPI, and determined that we can safely use this breakdown model to determine common performance bottlenecks.

We measured the portion of the time that the processor is busy, and quantified the contribution of memory, branch mispredictions, and other hardware resources to the amount of time that the processor is idle. We broke the memory stalls further into the contributions of each of the memory components. The conclusions corroborate previous results [1]: 

· L1 data stalls are insignificant

· Memory stall time is dominated by L1 instruction and L2 data stalls

· Branch misprediction is important

·  Resource-related stalls are important.

Addressing these 4 issues (L1I, L2D, branch-misprediction, and resource stalls) could yield substantial performance improvements for database systems.

Finally we constructed an analytic model, to determine whether the assumption that page crossing incurs high instruction and data related costs [1] is substantiated by our measurements. The conclusion is that CPI, branch misprediction costs and instruction-related stalls are much higher when the buffer pool prepares to process information in a new page. Therefore, fewer page accesses and optimized page switching code should improve performance.

 AUTONUMLGL \* Arabic\e  Varying workload parametersxe "Data Structures"
In order to gain insight into the behavior of different code paths of the query processing code, we varied the following parameters:

· Access method. Query optimizers produce plans that use a sequential scan, a secondary index, or a clustered (primary) index to access a single table. It is interesting to see the relative costs associated with the choice of access method: DBMS developers can identify problematic parts of the code, and the query optimizer can potentially incorporate results from this behavior into its cost model.

· Selectivity. As the selectivity grows, it is important for the algorithm performance to scale. Optimizers change their decisions according to selectivity.

· Record size. Vertical partitioning has been investigated as a way to reduce I/O and page crossings. If a query touches two of ten attributes in the record, a vertically partitioned table may be beneficial for cache performance as well.

· Buffer pool size. For a given database size, the amount of I/O can be varied by varying the buffer pool size. 

This section discusses the main observations from these experiments.

 AUTONUMLGL \* Arabic\e  Effect of access method

We used three access methods that represent commonly used access paths in DBMSs: sequential scan, secondary index access and clustered index access. To enforce repetitive execution of the basic query execution loops, we disabled all statistics and used hints to force the optimizer to exercise the access method of interest. Therefore, the results should only be used to evaluate performance of basic loops used in each access method and not optimizer decisions (we were unable to turn off the tid-sorting in system B for unclustered index scans and this confounds some of the comparisons for that quey). Figure 2.2 shows the time breakdown in terms of processor clocks per record selected for each of the experiments. Since we are CPU and memory bound, the CPU time is a good approximation for the elapsed time; therefore the cycle counts shown are indicative of the system’s response times for each query.

The graphs of Figure 2.3 show the sequential scan number of clocks per record selected in the table (i.e., for a 400,000-record table and 10% selectivity, the number of clocks is divided by 40,000). The sequential scan and the clustered selection are much faster than the secondary index access. The reason is that access to data is done through a simple sequential algorithm in the case of the sequential scan with the addition of an initial overhead to descend an index in the case of the clustered index access.  To use the secondary index, the algorithm for each selected record is: descend the index, find the key value, retrieve the record id or primary key, read the data page header, read the record address from the end-of-page pointer list, scan the record header to determine offsets, and read the values. Systems A and C use [image: image3.wmf]10% Sequential scan
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the above algorithm, and their access times per record are 200% and 50% higher than sequential scan, respectively. System B first retrieves all the qualifying record ids from the index, then sorts them and then retrieves the records in the order they appear in the table. This way, System B visits each qualifying page only once, instead of once per record.  Section 2.5.1 proves that the page access overhead is high; therefore System B’s algorithm for secondary index access is faster, as shown in the middle graph of Figure 2.3. However, if System A is left with no optimizer hints, it will always use sequential scan for this query, which for 10% selectivity is faster than System B’s secondary index access.

The secondary index access is much slower, because the instruction stream is more complex and the instruction related stalls increase the CPI rate (middle graph of Figure 2.1). The code to access the index involves accessing a new page for every record (except for System B), getting appropriate locks (rather than a table lock), and getting several page semaphores per record. This is more expensive than accessing records sequentially, where these expenses are done once per 80 records, as shown in Section 2.5.1. A larger L1 instruction cache to hold a more complex loop than a simple sequential scan may alleviate some of the instruction stalls. In addition, the secondary index access code incurs more branch mispredictions, which are one of the major reasons for L1 instruction cache misses.

System B has very high memory stalls for clustered index access, compared to the other two systems. The reason is probably the way the clustered table was implemented in System B: we constructed a table with primary key the set of all three fields in R, and we loaded the data. The data is sorted on an inter-page basis (i.e., the pages are sorted based on content) but may not be sorted on an intra-page basis (i.e., the records in each page may not be physically sequential). This causes stomping around the page, but does not destroy the opportunity for cache line locality, because each 32-byte cache line contains a part of just one 100-byte record.

 AUTONUMLGL \* Arabic\e  Varying the selectivityxe "Hierarchy"
We investigated the effects of varying the selectivity by adjusting the values of Hi and Lo in the qualification clause of the range query. We measured the processor performance of the workload with selectivity 0%, 1%, 10%, and 100%. 

Figure 3.1 shows the difference in instructions retired and computation time per record accessed as a function of the selectivity. By comparing the number of instructions retired during sequential scan at various selectivities, we estimated that the DBMSs take 800 (A), 250 (B), or 400 (C) instructions per record to calculate the average. System A needs more code to calculate the aggregate, therefore the selectivity affects its execution time more than the other two systems.
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When using the secondary index (not shown in a figure), sorting RIDs of the qualifying records before accessing the data is efficient both at low and high selectivities. There is never a significant loss coming from the sorting phase; System B is always faster in this type of access method.

System A uses branch prediction optimizations effectively; so all the mispredictions are due to key values in the table. Figure 3.2 shows that, mispredictions for Systems B and C increase with the selectivity, because branches across all of the executed code are being mispredicted. To explain the behavior shown in Figure 3.2, we categorize branches in two types: 

· Type “S”: the condition of these branches involves “shared” data, i.e., data in the table R. Type “S” branches are usually unpredictable.

· Type “P”: the condition of these branches only involves “private” data, that is, information in data structures that do not contain table data. Type “P” branches can be predicted with instruction block rescheduling, based on a good trace from previous executions of the workload.

Typically, the number of type “P” branches is a multiple of the number of type “S” branches. System A executes optimized code, and the branch prediction hardware only misses on type “S” branches. The number of branch mispredictions is highest at 50% selectivity, when the outcome of the where clause is most unpredictable based on branch history. System B optimizes some of the type “P” branches, but apparently not all of them; finally, System C does not perform any optimizations of this kind. Therefore, its branch misprediction stalls increase with the amount of code executed. The difference among the three systems emphasizes the significance of instruction block rearrangement for optimal branch predictability and better L1 instruction cache hit rates.

 AUTONUMLGL \* Arabic\e  Vertical partitioning of dataxe "Hierarchy"
To reduce I/O costs, researchers have proposed vertical partitioning, i.e., striping the relation into groups of fields based on usage patterns and storing together fields that appear often in the same queries. Several commercial systems employ vertical partitioning, notably Adabase, Tandem SQL/MX, and Terradata. Covering indices are a common application of this idea. Our study shows that one of the major reasons for delays in the memory hierarchy is the high number of data misses at the second-level cache. In an effort to simulate vertical partitioning of data and evaluate its effects on performance, we ran the workload against a table populated with only the two fields touched by the query. R became a thin table with 8-byte records. This way we expected:

· To reduce the second-level data stalls (because we increased the spatial locality of data, and two records can fit in the same cache line
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To reduce the instruction stalls per record because we have to access fewer pages per record accessed (reduced page crossings).

· To see sequential scan and clustered index selection running faster, but no big difference in the case of the secondary index access.

As shown in Figure 3.3, execution times are 10%-23% less when sequentially scanning a vertically partitioned table (if the table is 10x smaller and the system is IO bound, then the rate will be 10x higher because 10x less disk bandwidth is needed.  Figures 3.5 and 3.9 show this). The times for secondary index selection do not vary much, and the variation in the clustered index access is about the same as in the sequential scan. The overall improvement is not very high for these small datasets. 

The effect of vertical partitioning is more obvious in Figure 3.4, which shows the time breakdowns for the sequential scan for the two record sizes. Memory related stalls are reduced when we use the partitioned table, as well as resource-related stalls.

Figure 3.5 shows the breakdown of memory-related stalls into cache and ITLB stalls. L2 data related stalls are reduced by 70% on the average, because there are about 50% less requests to the L2 cache. In [image: image6.wmf]Branch mispredictions/Sequential scan
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addition, we cross about 6 times fewer page boundaries; therefore, L1 instruction cache related stalls are 80% less. 

 AUTONUMLGL \* Arabic\e  Introducing I/Oxe "Data Structures"
For many years, I/O has been a major performance bottleneck for some database applications. As explained in the introduction, for many modern applications the bottleneck has shifted to memory and computation resources, partly because of the growth of main memory and partly because of the nature of some applications. However, several applications still require I/O. To investigate whether and how our results change when I/O is included in the microbenchmark, we ran the DBMSs with smaller buffer pool size, forcing access to the data on the disk.

 AUTONUMLGL \* Arabic\e  Experimental setup and methodologyxe "Hierarchy"
We ran the same experiments against the three DBMSs A, B, and C, with a 4-MB buffer pool size. We first enabled the disk performance counters and used the NT performance-monitoring tool to monitor the I/O behavior of the DBMSs as they execute the queries. Each DBMS has a different block size for transferring data from the disk: A uses 64-KB blocks for sequential and 8KB for random, B uses 128-KB blocks for sequential and 8KB for random, and C uses 8-KB blocks for both. When the disk performance counters are enabled, the disk performance deteriorates by several percent; therefore, we disabled them in order to run the experiments and obtain measurements from the processor counters.   

The workload is as described in Section 2.2. We varied the access methods and the record size as described in Sections 3.1 and 3.3 respectively. The only difference is that, for the 8-byte record table, we have 1,200,000 records (instead of 400,000), because the 8-byte record table with 400,000 records is too small to incur I/O even with a 4-MB buffer pool size (and in some systems the minimum allowed buffer pool size is 4 MB). For sequential scan and clustered index access, we examined different query selectivities: 0%, 1%, 10%, and 100%, and chose the 10% selectivity as the most representative one. However, when using the secondary index with a 10% selectivity, Systems A and C were running for too long to be able to take meaningful measurements; with a 1% selectivity, System A ran within a reasonable time but System C did not. Therefore, for the sequential scan and for the clustered index access results shown in this section the selectivity is 10%, whereas for the secondary index access the selectivity is 0.1%. In Figure 3.6, the reader should not compare the data for the sequential scan and the [image: image7.wmf]100-byte records
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clustered selection with those for the secondary index access, because there are much fewer records selected in the latter case.  But it does show that vertical partitioning is a win for disk based data (previous section showed little benefit for main-memory based data).

 AUTONUMLGL \* Arabic\e  CPU time and utilization

When our database is main-memory resident and we run the experiments with warm memory, the CPU utilization for all systems is above 95% and most of the time (90-99%) is spent executing user-level code. When we introduce I/O the memory is always cold (data not cached in main memory), and the CPU utilization is lower, because the CPU often has to wait for I/O transactions to complete. The top two graphs in Figure 3.6 show the CPU utilization for 100-byte and 8-byte record tables, for all the access methods. Sequential I/O (performed during the sequential scan and the clustered index selection) has much higher IO bandwidth than random I/O (performed during the secondary index access). Therefore, the CPU utilization is lower for the secondary index access.

Kernel code takes over 60% of the time when we fetch random records (with an I/O for each fetch), whereas sequential access amortizes the IO and kernel cost across many records and so the I/O fraction is much smaller. System A executes less user-level code than Systems B or C for both the sequential scan and the clustered selection; therefore, both its CPU utilization and percentage of user-level code executed are lower than for the other two systems.
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There is a significant variation in CPU utilization and percentage of user-level code as the record size varies from 100 to 8 bytes. With 100-byte records only a tenth of the data read from the disk are actually used; on the contrary, the queries use 100% of the 8-byte records. Therefore, the data utilization is higher in the second case, and there is more computation per I/O transfer block.

 AUTONUMLGL \* Arabic\e  Effects on time and memory stall breakdowns

Figure 3.7 shows the user-level clock breakdown for the three queries, when I/O is introduced. A comparison with the main-memory only breakdown in Figure 2.3 shows that (a) sequential scan and clustered index behavior are very similar, and (b) with I/O, memory stall times are much higher in the secondary index access, although System A seems to have less stalls than System B for this query.  The latter observation may lead to the assumption than System A is faster than B in scanning the non-clustered index; this assumption, however, is false. A careful analysis of memory stalls (Figure 3.8) shows that most of System B’s delays are because of L2 data stalls, while System A suffers mostly from L1 instruction stalls. L2 data stalls are easy to overlap, but our estimation of the L2 data component in this case does not show the overlap factor. 

From Figure 3.8 we see that the contribution of L2 data stalls is higher when I/O is involved, because the DBMS has to wait for data to arrive from the disk. There are more misses in L2 than in the case of main [image: image9.wmf]100b / 10% sequential scan
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memory resident databases, and these involve both data and instruction misses. Figure 3.8 also shows that in several cases the L2 instruction stall time is a significant component; most probably, there are instruction-data conflicts in L2, therefore instructions in L2 are often evicted in order to be replaced by data that have to be brought from the disk. Being the only system that does not use instruction stream optimizations, System C suffers most from L2 instruction stalls. Therefore, the memory bottlenecks (L1 instruction cache and L2 cache data accesses) that we observed during the main memory experiments have not shifted during the I/O experiments, and there is an additional difficulty in fetching instructions in the L2 cache.

The positive effects of vertical partitioning are more obvious when data delays become more important, as in the case of I/O experiments. Figure 3.9 shows that, for all the queries, but mostly for the sequential scan ad clustered selection, there is a dramatic reduction in the elapsed time when the table contains only useful data. Although the random I/O does not allow much improvement for the secondary index selection, the other two queries have significant gains (up to 6 times less elapsed time).

 AUTONUMLGL \* Arabic\e  Conclusions

This section evaluated the implications from varying four workload parameters. The results are summarized as follows:

· Executing the same query with different access methods shows the different costs associated with each method, should it be chosen in a query plan. We concluded that the secondary index access is more expensive in all systems except B, which sorts the RIDs prior to accessing the data, improving the spatial locality. The reason for the slower secondary index selection is the increased instruction stalls, caused by (a) lower spatial locality of data and (b) multiple accesses to the page header (once per record).

· Varying the query selectivity shows that (a) there is diversity in the amount of instructions needed to calculate the average, (b) optimizing the instruction stream for better branch predictability pays off with significantly less branch misprediction stalls, dependent only on hard-to-predict branch conditions.

· By varying the record size, we simulated vertical partitioning and obtained insight as to whether it will enhance performance. Execution times are lower when using the partitioned table, but for the small, main-memory resident datasets the major differences are in the L1 instruction and L2 data related stall times. Vertical partitioning enhances spatial locality and minimizes buffer pool paging code, but the improvement is not dramatic. Vertical partitioning has much more dramatic benefits  for disk-resident data since it reduces I/Os and the required I/O bandwidth.

· We introduced I/O in the experiments, in order to determine whether the performance bottlenecks and the observations we had with main memory resident datasets would shift or change when I/O kernel code executes with user-level code. The L1 instruction and L2 data stalls are still the major bottlenecks, although the percentage of stall time due to L2 data misses is more significant than in the main memory experiments. There is a higher L2 instruction component as well, probably because of the increased distortion in the L2 cache (conflicts between data and instructions).

Memory stall times are of major importance throughout all of the experiments. Memories will get bigger but not much faster, and we can only anticipate deeper memory hierarchies; therefore, the performance gap between the processor and the memory subsystem will continue to increase. New database systems should execute cache-conscious code, use instruction stream optimizations (the effect of which is discussed in the next section), and focus on data locality improvements such as vertical partitioning.
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Figure 2.1: Execution times, clock-per-instruction rates, and instructions retired per record selected for A, B, and C executing a range selection using sequential scan (left), a secondary index (center) and a clustered index (right). Selectivity is 10% and the record size is 100 bytes.
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Figure 2.2: Execution time breakdown (%) for the experiments of � REF fig21  \* MERGEFORMAT �Figure 2.1�. 
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Figure 2.3: User-level clocks per record selected (analogous to execution times) breakdown for the same experiment as in � REF fig21  \* MERGEFORMAT �Figure 2.1�.Note that for2ary index selection, System B used a different access path than the other systems.
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Figure 2.4: Memory stall time breakdowns (%) for the experiments of � REF fig21  \* MERGEFORMAT �Figure 2.1�.





�


Figure 3.1: Instructions retired per query and computation cycles for sequential scan. Systems A, B, and C need 800, 250, and 400 instructions per record respectively to calculate the aggregate (avg), which explains the steeper slope of System A’s curve.
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Figure 3.2: Branch mispredictions retired per query as the selectivity increases from 0% to 100% for Systems A, B, and C. System A optimizes fully the instruction stream, and suffers only data-dependent mispredictions.
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Figure 3.3: CPU time for 100-byte (left) and 8-byte (right) record tables, 10% selectivity. The differences are small for the 2ary index selection and 10-20% for the sequential and clustered access.








�


Figure 3.4: Clocks per record accessed / breakdowns for the 10% sequential scan when R contains 100-byte (left) and 8-byte (right) records. Dramatic reduction in resource and memory stalls.
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Figure 3.5: Cache stall contribution to the memory stalls. 50% less demand for data due to locality reduces L2 data stalls by 60-75% and L1 instruction cache stalls by 80-85%.





�


Figure 3.6: CPU Utilization (top) and % of CPU time spent in user mode (bottom) for 100-byte (left) and 8-byte (right) record table with I/Os. Selectivity is 10% for the sequential scan and the clustered selection, and 0.1% for the 2ary index access.
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Figure 3.7: User-level clocks per record selected breakdown for A, B, and C executing a range selection using sequential scan (left), a secondary index (center) and a clustered index (right) with I/O. The record size is 100 bytes. These graphs do not reflect absolute execution times.
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Figure 3.8: User-level memory stall time breakdowns (%) for the experiments of � REF fig38  \* MERGEFORMAT �Figure 3.8�.
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Figure 3.9: Comparison of execution times with 100-byte and 8-byte records. Execution times are in nanoseconds, normalized by the number of records selected. Secondary index selection execution times are too high to plot with the other two queries, so the absolute values are shown.
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