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Abstract

With the growth of the Internet, our ability to generate extremely large amounts of

data has dramatically increased. This sheer volume of data that needs to be managed

and analyzed has led to the wide adoption of very large and complex data management

systems. Although these systems can significantly reduce data processing time, issues

such as hardware/software skew, resource contention, and failures are more likely to arise.

All large and complex systems have to face this unwanted but inevitable fact. Due to

all these issues, it gets harder to anticipate the future state of a system, and a one-time

decision model used by schedulers, optimizers or resource managers will be vulnerable

to state changes.

Meanwhile, running parallel database systems in an environment with heterogeneous

resources has become increasingly common, due to cluster evolution and increasing inter-

est in moving applications into public clouds. Very large data processing is increasingly

becoming a necessity for modern applications. For database systems running in a het-

erogeneous cluster, the default data partitioning strategy may overload some of the slow

machine while at the same time it may under-utilize the more powerful machines. Since

the processing time of a parallel query is determined by the slowest machine, such an

allocation strategy may result in significant query performance degradation.

It is not uncommon today for us to decide which computing resources should be used
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to build a cluster or to run an application from a diverse range of such resources. Very

often, when a new cluster is built or an old cluster is upgraded, there are various machines,

low-end or high-end, that we can choose from. Different choices may lead to different

costs or performance. Thus, we will encounter a resource selection problem if we have a

limited budget or a performance goal.

This dissertation makes three contributions by addressing these three problems: query

progress estimation, data allocation, and resource selection. The first contribution is the

design and implementation of a new cost-based query progress indicator, called GSLPI,

to produce more accurate progress estimates. The second contribution is a new technique

we call resource bricolage that provides a recommended data partitioning scheme to min-

imize workload execution time in heterogeneous environments. The third contribution is

the formalization and solutions for two resource bricolage problems with either a budget

constraint or a time constraint. We show that the solution combining both data alloca-

tion and resource selection can achieve significant performance improvement over other

alternatives.

This dissertation provides a new vision of deploying performance prediction technol-

ogy in the areas of query optimization, scheduling, and execution, and it also points to

promising directions for future studies to improve database performance running in the

cloud.
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Chapter 1

Introduction

In recent years, with the growth of the Internet, the world has seen an explosion in the

amount of data. Virtually everyone is either experiencing or anticipating an unprece-

dented growth in the amount of data that will be available to them. As of 2012, we were

creating 2.5 quintillion bytes of data every day – so much that 90% of the data in the

world today has been created in the last two years alone [7]. Companies, such as Face-

book, Google, Microsoft, and Walmart, need to store and analyze massive scale data to

maintain their business and to provide customer services.

On the other hand, with the declining cost of hardware, it is possible for companies to

set up very large and complex clusters to store and process this growing set of data. To

make data-intensive computing accessible to more programmers, many big data process-

ing platforms have been developed, including MapReduce [20] from Google, Hadoop [5]

from Yahoo!, Hyracks [14] from UC Irvine, and Dryad [33] and SQL Server Parallel Data

Warehouse (PDW) [10] from Microsoft, just to name a few. In fact, we have witnessed

an explosive growth in the complexity, diversity, number of deployments, and capabilities

of big data processing systems. This growth shows no sign of slowing; if anything, it is
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accelerating, as more users bring more diverse data sets and more system builders strive

to provide a richer variety of systems within which to process these data sets. To process

a large amount of data, modern data management systems typically use massively parallel

software running on tens, hundreds, or even thousands of servers. They achieve scalable

performance through exploiting data parallelism.

1.1 The Necessity of Performance Prediction

Although these emerging systems can significantly reduce data processing time, due to

the massive amount of input data, some tasks may still take minutes or even hours to

process. For these long-running tasks, the ability to predict their performance could be

very useful. For instance, performance predictions can be used to improve user experience

by indicating whether the running tasks are actually making progress or just hanging

there. System administrators may also use performance prediction to decide whether they

want to cancel a task or allow it to finish. It has been pointed out that the ability to predict

job latency is a major customer concern for the next generation of Hadoop [8].

Furthermore, performance prediction is crucial for improving system performance.

As systems are getting more and more complex, issues such as hardware/software skew,

resource contention, and failures are more likely to arise. All big data systems have to

face this unwanted but inevitable fact. Due to all these issues, it gets harder to anticipate

the performance of tasks running on such systems, and a one-time decision model used by

schedulers, optimizers or resource managers will be vulnerable to system state changes.

For example, suppose that a scheduler initially assigns a task of a MapReduce job to a

machine based on the current state of the system. Then another program overloads the

disk and significantly slows down the task. If the scheduler does not monitor the system

and revise its decision, the whole job will be delayed due to this problem. This unexpected
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problem can be avoided by monitoring and predicting task performance continuously and

rescheduling the task to a different, more lightly-loaded machine. With such a monitor

and prediction capability, “users” of the system (be they optimizers, schedulers, resource

managers, or even humans submitting and waiting for jobs to complete) may be able to

improve the usability and performance of the system.

While the capabilities of today’s data management systems continue to grow impres-

sively as measured by the variety, complexity, and quantity of computations they can pro-

vide, however, there has not been an accompanying growth in the ability of a system to

monitor its state, to make useful performance predictions, and to revise these predictions

as time passes. In some sense this situation is surprising. In a wide variety of complex

endeavors, humans have built up mechanisms to make predictions, then to monitor and

revise predictions as time passes. Examples can be found in weather forecasting, logis-

tics, transportation, project management, and so forth. Airlines do not simply look at a

snapshot of current takeoff and landing queues, make a schedule, and stick with it despite

changes in weather. Weather forecasts are continuously revised and updated. Shipping

schedules are modified in response to unforseen circumstances or changes in demand.

Yet in complex data management systems one finds many examples of “users” simply

making a scheduling or execution plan based on some ad-hoc collection of information,

then sticking with this plan no matter what happens subsequently.

1.2 Potential Use Cases of Performance Prediction

Different components in a system can benefit from performance prediction techniques.

For example, unsatisfactory performance of a task may imply that a bad plan is cho-

sen by the optimizer, some indexes are missing, or there is a scarcity of resources. Re-

cently, research work in [69] uses estimated task performance to select straggling tasks
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for Hadoop’s scheduler. A speculative copy of a lagging task is later scheduled to exe-

cute on another machine. The experiment results show that a MapReduce job’s response

time can be improved by a factor of 2 in clusters of 200 virtual machines on Amazon’s

Elastic Compute Cloud (EC2) [2]. We believe that this technology can be beneficial to

any computation that makes decisions based on performance predictions. The more the

computation relies on the predictions, the better decisions it can make by detecting the

unexpected state changes. Here, we list several use cases for performance prediction

technology, including but not limited to:

1. User Interface. Users would always like to get accurate feedback about task exe-

cution status, especially if tasks tend to be long-running.

2. Scheduling. By using performance prediction technology to obtain the current state

of a task and roughly predict its future state, a scheduler can likely do a better job at

determining the order in which to run tasks than it could without such information.

3. Resource Management. Performance predictions can help in limiting resource

contention in a distributed system, and help decide when to re-allocate work, so

that system resources are efficiently utilized.

4. Skew Handling and Stragglers. By using performance prediction technology,

skew can be detected, and the system responds to skew in a way that fully utilizes

the nodes in the cluster while still preserving the correct query semantics.

5. Query Optimization. Dynamic re-optimization is likely to be increasingly valu-

able in parallel data processing systems. Performance prediction technology can

be useful in providing up-to-date task monitoring data, as well as possible future

predictions about processing speed, resource availability and so forth, which can

aid in re-optimization decisions.
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6. Performance Debugging. Debugging queries and system performance is a very

challenging task. Performance prediction technology can be useful here as well.

For instance, the length of task runtime could be estimated prior to running, and

then in the first few minutes of running and then used in identifying the possible

reasons for why the process may have slowed down.

1.3 Summary of Contributions

Performance prediction includes many different aspects, such as estimating the execution

time or the cache misses of a task on a given machine. This thesis focuses on execution

time estimation for database queries. As we discussed before, performance prediction

techniques can be used to improve system performance in many different ways, for ex-

ample, schedule struggling tasks and re-optimize execution plans, and our work aims at

improving parallel database performance in heterogeneous environments. The contribu-

tions of this dissertation are summarized as below.

Performance prediction. The purpose of this part is to propose a progress indicator

to provide accurate execution time estimates for database queries. Typically, a progress

indicator [15, 16, 41, 42, 48, 50, 51] estimates how much of the task has been completed

and when the task will finish. Progress indicators for SQL queries were first published in

2004 with the independent proposals from Chaudhuri et al. [16] and Luo et al. [41] These

progress indicators begin with a prediction of the query running time, and while the query

executes, they modify their predictions based on the perceived progress of the query. Both

of them also utilize improved information like intermediate result cardinality estimates.

In our work, we implemented both progress indicators in the same commercial database

system to evaluate their performance. We found that they may provide estimates that

are far away from the actual progresses the query is making. The errors arise from their
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assumption that in all phases of a query, a tuple takes the same amount of system resources

to process. Although their approaches have varying performance for different queries, this

problematic assumption is common to both of them. Thus, we proposed a new progress

to rectify the problem. The experiment results indicate that our progress indicator can

provide significantly more accurate progress estimates. The results also suggest that the

remaining progress estimation error is mostly due to cardinality estimation error.

Performance improvement. The purpose of this part is to improve parallel database

performance in heterogeneous environments by taking advantage of performance predic-

tion techniques. In a parallel database system, data is typically partitioned across multiple

machines to exploit data parallelism. By default, each machine in the cluster will get the

same amount of data. In a heterogeneous cluster, the computing capacities of machines

may vary significantly. A high-performance machine can finish processing data assigned

to it much faster than low-performance counterparts. Unfortunately, the execution time of

a parallel query is determined by the slowest machine, and a low-performance machine

may substantially degrade system performance. In the first part of our work, we proposed

a solution to minimize query execution times by trying to figure out what is the proper

amount of data that should be allocated to each machine. Our approach consists of the

following three major steps: (i) quantifying differences among machines, (ii) formalizing

the data allocation problem as an optimization problem, and (iii) solving the optimiza-

tion problem for the optimal data allocation scheme. In the second part of our work, we

tackled two more problems with additional constraints that are related to the above prob-

lem. For the first problem, we need to select a subset of machines from the candidates

subject to a budget constraint. We want to minimize query execution times with the same

amount of money. In the other problem, we need to select a subset of machines from the

candidates subject to a time constraint. We want to finish the queries at the same time by

spending the least amount of money.
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The remainder of the thesis is organized as follows. In Chapter 2, we present our work

on developing a progress indicator for SQL queries. In Chapter 3, we discuss our solution

for improving database performance in heterogeneous clusters. Chapter 4 describes how

to carefully select the most suitable machines for running parallel database system so as

to achieve better performance with the same budget, or to meet the same performance

requirements with lower cost. Chapter 5 concludes the thesis with a summary of our

contributions and directions for future work.
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Chapter 2

GSLPI: a Cost-based Query Progress

Indicator

In this chapter, we implement two state-of-the-art progress indicators in the same com-

mercial RDBMS to investigate their performance. We summarize common cases in which

they are both accurate and cases in which they fail to provide reliable estimates. Although

there are differences in their performance, much more striking is the similarity in the er-

rors they make due to a common simplifying uniform future speed assumption. While

the developers of these progress indicators were aware that this assumption could cause

errors, they neither explored how large the errors might be nor did they investigate the

feasibility of removing the assumption. To rectify this we propose a new query progress

indicator, similar to these early progress indicators but without the uniform speed assump-

tion. Experiments show that on the TPC-H benchmark, on queries for which the original

progress indicators have errors up to 30X the query running time, the new progress indi-

cator is accurate to within 10 percent. We also discuss the sources of the errors that still

remain and shed some light on what would need to be done to eliminate them.



9

2.1 Introduction

Many modern software systems provide progress indicators (PIs) for long-running tasks

(e.g., file downloads and software installations). Figure 2.1 shows an example of a

progress indicator that we are trying to develop for database queries. It continuously

updates the elapsed time, estimated remaining time and percentage of completion for a

given query.

Cancel

75%

Query Progress: 75% Completed

Elapsed time: 04:15:27   

Estimated time: 01:25:09

Figure 2.1: Estimated remaining time

Most commercial database vendors provide tools for monitoring queries (e.g., DB2

[19], Teradata [21], Microsoft SQL Server [47], and Oracle [55]). However, none of

the existing tools in commercial DBMSs provides accurate progress estimates at a fine

granularity. The first progress indicators, the MSRPI [16] and the WiscPI [41]1, were first

published by two different research institutes independently in the same conference. The

variants [15, 42, 48, 49] of the MSRPI and the WiscPI, were proposed later to explore

issues such as broadening the class of queries handled, or investigating the interaction

between concurrent queries, or reducing cardinality estimation errors. Despite the passage

of time, no work has addressed the quality of the original progress indicators on the

problems for which they were proposed.

1We name the progress indicators after the institutions where they were developed.
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Accordingly, in this work we implemented both the MSRPI and the WiscPI in SQL

Server [46] and studied their performance using the TPC-H benchmark. Depending on

different query characteristics, we found that there are cases where the MSRPI and the

WiscPI are expected to be accurate, and cases in which they fail to provide reliable esti-

mates. For the cases in which they are inaccurate, although there are differences in their

performance, the most striking thing we found is that the estimation errors mostly arise

from a common simplifying uniform future speed assumption: at any point in a query’s

execution, the time to process a unit of work is uniform throughout the remainder of its

execution, where a unit of work is one GetNext() call for the MSRPI and one byte pro-

cessed for the WiscPI, respectively. While the inventors of the MSRPI and the WiscPI

were aware that this assumption could cause inaccuracies, presumably they adopted it to

simplify the problem to produce approximate estimates. They did not explore the impact

of this assumption on the accuracy of progress indicators. As it is shown by our exper-

iments, this assumption leads to highly inaccurate progress estimates. For some TPC-H

queries, the remaining time estimates provided by these two progress indicators are 30

times longer than the actual remaining time. Since their variants inherit this uniform

speed assumption, we expect similar performance from them.

Inspired by this observation, we designed and implemented a new cost-based progress

indicator, called GSLPI, to rectify the problem. The basic idea of GSLPI is to decompose

an execution plan into a set of speed-independent pipelines delimited by blocking/semi-

blocking operators. Then for each pipeline, we estimate its speed of processing the re-

maining work by utilizing its wall-clock pipeline cost. Our experimental results indicate

that our approach produces more accurate progress estimates than just making uniform

speed assumptions. For some of the TPC-H queries, our progress indicator reduces the

estimation errors by more than an order of magnitude.

Finally, we summarize the challenges that we encountered during the development of
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GSLPI. Similar to the MSRPI and the WiscPI, our progress indicator also suffers from the

well known difficulties of cardinality estimation inherited from the query optimizer. Some

of the challenges are still open questions, e.g., skewed data layout, speed fluctuations

inside pipelines, etc. We hope that our work can bring these issues to the attention of

other researchers and serve as a foundation of building more accurate progress indicators.

The rest of the chapter is organized as follows. Section 2.2 describes the details of

the MSRPI and the WiscPI. Section 2.3 presents our experimental evaluation of these

two progress indicators. Section 2.4 elaborates on our new cost-based progress indica-

tor. Section 2.5 discusses how to refine cardinality and cost estimates by using runtime

information. Section 2.6 experimentally confirms the effectiveness of our techniques and

discusses some remaining challenges that need to be resolved. Section 2.7 presents the

impact of our work on a commercial database. Section 2.8 briefly reviews the previous

work that is related to ours. Finally, Section 2.9 concludes the chapter with directions for

future work.

2.2 Preliminaries

In this section, we give a brief overview of the MSRPI and the WiscPI for database

queries. Their techniques serve as basic knowledge to understand the discussion in Sec-

tion 2.3 and our new progress indicator in Section 2.4.

To estimate the progress of a given query, both the MSRPI and the WiscPI use an

execution plan, which is a tree of physical operators chosen by the query optimizer. The

physical operators include the most commonly used operators in a DBMS such as Table

Scan, Index Scan, Index Seek, Filter, Hash Join, Merge Join, Nested Loops (NL) Join,

Index Nested Loops (INL) Join, Group-by (Hash-based), Sort and Compute Scalar. An

operator is referred to as a blocking operator if it does not produce any output before it
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has processed all tuples in as least one of its inputs. An execution plan is divided into

a set of pipelines delimited by blocking operators (e.g., Hash Join, Group-by and Sort).

A pipeline consists of a set of concurrently running operators. The goal of partitioning

an execution plan into multiple pipelines is to gain more insight into the intermediate

progress of a query execution.

Every pipeline has a set of driver nodes. They are the set of all leaf nodes of the

pipeline, except those that are in the inner subtree of a Nested Loops/Index Nested Loops

join. Once a pipeline has processed all the tuples in its driver nodes, it finishes execution.

In general, for certain pipelines to start executing, one or more other pipelines have to

complete. An execution plan can be viewed as a partial order of pipelines, denoted as

P1, .. Pp according to the order in which they are scheduled, where p is the number of

pipelines in the plan. Figure 2.2 shows an example execution plan that contains three

pipelines (the driver nodes of the pipelines are shaded). Note that this is not the only

way for dividing plans into pipelines. In fact, the MSRPI and the WiscPI deploy two

slightly different, but essentially equivalent, ways for division. The MSRPI prefers to

put a blocking operator together with its descendants which provide input for it, while

the WiscPI binds a blocking operator along with its upper operator which consumes its

output. In Figure 2.2, we follow the definition used in the MSRPI. For the WiscPI, its

three pipelines are P1 = {Table Scan A, Filter}, P2 = {Table Scan B}, and P3 = {Hash

Join, Sort}. Both definitions of pipeline are equally adoptable for our solution in Section

2.4.

The MSRPI calculates a query’s progress based on the number of GetNext() calls. The

total work done by a query is the total number of GetNext() calls issued by all operators

in its execution plan. The MSRPI models a query’s completion percentage as the fraction

of the total number of GetNext() calls that have finished. More formally, suppose the

execution plan has n operators. Let Ni (1 ≤ i ≤ n) be the total number of tuples output
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Table Scan A

Table Scan BFilter

Hash Join

SortP3
P2

P1
Figure 2.2: An execution plan with 3 pipelines

by operator Opi (which indicates the number of GetNext() calls made by that operator)

throughout the execution of the query, and let Ki be the number of tuples processed

by operator Opi so far. The fraction of a query executed is percent =
∑n

i=1 Ki∑n
i=1 Ni

. This

GetNext() model assumes that the total time required to execute the query is amortized

across multiple GetNext() calls, and therefore the percentage of GetNext() calls done thus

far is a good indicator of the time taken by the query.

The WiscPI estimates the remaining query execution time by deploying a model based

on the number of bytes processed. It keeps track of the total number of bytes that have not

been processed Ui (1 ≤ i ≤ p) in the input and output for each pipeline Pi. The remaining

work for a query is therefore the sum of Ui for all pipelines in its plan. Additionally, it

records the number of bytes Si that have been processed by each pipeline Pi in the past T

seconds, where T is a pre-defined parameter. The total number of bytes processed in the

past T seconds can be thought of as the estimated execution speed of the query. Thus the

estimated remaining execution time is RT =
∑p

i=1 Ui∑p
i=1 Si

.

Though the MSRPI does not explicitly give a formula for remaining time estimation,

it assumes that the percentage of GetNext() calls done thus far is a good indicator of
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the progress it has made toward completion. This corresponds to the idea that if p% of

GetNext() calls have finished, then p% of execution time has elapsed. In other words, the

remaining (100−p)% of GetNext() calls take (100−p)% of the execution time. We adopt

this interpretation to convert percentage completion for the MSRPI to time remaining.

2.3 Evaluating MSRPI and WiscPI

In this section, we present our experimental evaluation of the MSRPI and the WiscPI on

an isolated system where only the given query is running. We also summarize the cases

in which they are accurate and the cases in which they fail to provide good estimates.

2.3.1 When Are They Accurate?

While the MSRPI and the WiscPI represent units of work for a SQL query differently for

each progress estimate, they both assume that each unit of work in the unexecuted portions

takes the same amount of time to process, regardless of which pipeline this unit of work

belongs to. The speed is assumed to be uniform for the remainder of query and equal

to the speed in the past T seconds. We implemented both the MSRPI and the WiscPI in

Microsoft SQL Server 12 – the latest version of SQL Server, and tested their performance

for different queries. For the WiscPI, we set the number of bytes processed by an operator

to be the number of finished GetNext() calls times the average tuple width. The work of a

pipeline is the sum of the number of bytes processed by the input and output operators of

the pipeline. The datasets and the system setup we used in our experiments can be found

in Section 2.6. We set T to be 10 seconds, which is the same as in [41].

Query 1: select * from partsupp

The first query that we tested is Query 1 as illustrated above. Its execution plan is
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Table Scan
[Partsupp]

(a) Query 1 (b) Query 2 (c) Query 3

Table Scan
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Scalar
Compute 
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Figure 2.3: Execution plans for tested queries

shown in Figure 2.3a. It consists of only one pipeline, which contains a single scan

operator with the output cardinality shown next to it. Figure 2.4a plots the remaining

time estimated by the MSRPI, the WiscPI and the PerfectPI. The PerfectPI is a fictitious

ideal progress indicator that knows exactly how much time is left for a query. Figure

2.4b shows that the rate of GetNext() calls is approximately constant. We omit the graph

depicting the speed in terms of the number of bytes, as it is also approximately constant.

Since the speed is stable, both PIs can accurately estimate query progresses. From this

example, we can generalize the idea to queries containing a single pipeline: when a query

consists of a single, uniform-speed pipeline, the MSRPI and the WiscPI should be able to

accurately estimate the remaining query execution time.

Query 2: select count(distinct suppkey) from lineitem

The second query we tested is Query 2, which consists of two pipelines (see Figure

2.3b). The first pipeline scans tuples in lineitem table. In the second pipeline, the Hash

Match operator first computes a hash value for each suppkey value and inserts it into a

hash table; subsequently, after all the suppkey values have been inserted, the Compute

Scalar operator counts the number of distinct suppkey values in the hash table to produce

the final answer.
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Figure 2.4: Test results for Query 1

The progress estimates produced and the speed of GetNext() calls are shown in Fig-

ure 2.5a and 2.5b, respectively. Although Query 2 contains two different pipelines that

process tuples at varying speeds, the estimated remaining time is still accurate. Looking

further into the query execution, we found that almost all the execution time has been

spent on the first pipeline, and nearly all the GetNext() calls were issued within the same

pipeline. We refer to such a pipeline as a dominating pipeline. The speed of GetNext()

calls is stable throughout the query (see Figure 2.5b), since its non-dominating pipeline

has almost no effect on the speed. Based on this observation, we can generalize to the

following: As long as PIs have an accurate speed estimate for the dominating pipeline,

the remaining time estimate for the query will be accurate, even if they use inaccurate

estimates for the other pipelines.

2.3.2 When Are They Not Accurate?

Unfortunately, there are many queries that do not fall into the cases described above. For

example, for the queries in the TPC-H benchmark [31], we found that out of 22 queries

only Q1 contains a dominating pipeline, and only Q6 contains a single pipeline. The rest
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Figure 2.5: Test results for Query 2

of the queries typically contain between 3 and 9 different pipelines. In the following,

we evaluate the performance of the progress indicators when a query has non-uniform

speeds.

Query 3: select count(distinct orderkey) from lineitem

To understand the behavior of these PIs when a query contains multiple pipelines,

we tested Query 3, which is similar to Query 2, as shown in Figure 2.3c . We increased

the number of GetNext() calls in the Hash Match operator by changing the hash key to

orderkey, which contains more distinct values.

The test results for Query 3 can be seen in Figure 2.6. The first pipeline P1 processes

about 6.7 × 106 GetNext() calls in 10 seconds, while the second pipeline P2 can finish

1.5× 107 GetNext() calls in only 3 seconds. The main reason is that tuples processed by

P1 are brought from disk to main memory, while tuples processed by P2 are already in

memory. When the first pipeline is running, if the PIs use the speed of P1 to estimate the

remaining time of P2 (that has not yet started), they get (1.5 × 107)/(6.7 × 106) ≈ 22.4

seconds, which is about 20 seconds slower than the actual execution time. As a result,

the remaining time estimated by the MSRPI and the WiscPI is about 20 seconds longer
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Figure 2.6: Test results for Query 3

than the PerfectPI. If P2 contained more tuples, or it could process tuples faster, the gap

between the estimated and the true remaining time would increase. From this example,

we can see that the MSRPI and the WiscPI make errors when the speeds of pipelines are

different and there is no dominating pipeline.

TPC-H Example: To have a better understanding of the speed of a query, we tested the

speed of GetNext() calls for all 22 TPC-H queries. Nearly all the queries exhibit different

speeds in different execution periods, except for Q1 and Q6. As we have mentioned

before, Q1 contains a dominating pipeline and Q6 contains a single pipeline. Figure 2.7a

shows the speeds of the GetNext() calls for the first 5 TPC-H queries. As can be seen,

four of them change their speeds dramatically during the execution. The execution times

of the pipelines in each query are plotted in Figure 2.7b. For a given query, the length

of the horizontal line segment on Pi (1 ≤ i ≤ 7) indicates the execution time spent on

processing pipeline Pi, and the vertical line segment that goes from Pi to Pi+1 (1 ≤ i ≤ 6)

denotes the end of the execution of Pi and the beginning of the execution of Pi+1. If we

compare the speed changing points with the pipeline switching points in Figure 2.7a and

2.7b, we can see that when a query switches from one pipeline to another, its processing
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Figure 2.7: Experiment results for TPC-H Q1 to Q5

speed also changes. During the execution of a pipeline, the speed of processing usually

tends to be approximately constant.

The assumption made by the MSRPI and the WiscPI that the speed of the unexecuted

portions of the query is equal to the speed in the past T seconds, contradicts the reality

that many queries have dramatically different processing speeds for different pipelines.
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As a result, these PIs produce inaccurate progress estimates.

2.4 Our Proposed PI: GSLPI

In this section, we present GSLPI2: a new cost-based progress indicator for SQL queries.

The distinguishing characteristics of GSLPI include: (1) the decomposition of an execu-

tion plan into a set of speed-independent pipelines, (2) the utilization of the wall-clock

pipeline cost to represent the cost of a pipeline, and (3) the estimation of the speed of each

future pipeline based on its wall-clock pipeline cost.

2.4.1 Speed-Independent Pipelines

From Figure 2.7, we can see that each pipeline processes tuples at its own speed, and this

speed is usually stable during its execution. Motivated by this observation, we developed

an approach for estimating the speed for each individual pipeline. In [16, 41], execu-

tion plans are divided into pipelines by blocking operators, and a pipeline may contain

a Nested Loops/Index Nested Loops join and its inner and outer subtrees, as shown in

Figure 2.8a.

In the case that the physical implementation of the join is an (Index) Block Nested

Loops (BNL) join, it behaves like a semi-blocking operator. Note that a Hash Join is

a blocking operator, since it must consume all tuples from the build relation before it

can produce any output. Compared to Hash Join, (Index) BNL Join must first consume

a certain number of tuples from its inner subtree before it can process its outer subtree

and produce output. Since the inner/outer subtrees may include different relations and

operators, they may process tuples at different speeds. Furthermore, when one of them

2Named after Jim Gray Systems Lab, where the progress indicator was developed.
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is executing and another one is halted, the speed of the executing operator(s) is indepen-

dent of the speed of other operator(s). If we group both inner and outer subtrees into a

single pipeline, we may mix up two sets of operators with different speeds. Such a com-

bination will cause difficulties in accurate estimations of how fast the pipeline is running.

To separate operators processing tuples at different speeds from each other, we define a

speed-independent pipeline.

Table Scan A Index Seek B

Index Nested 

Loops Join

Table Scan A Index Seek B

(a) Pipelines for MsPI and WiscPI (b) Pipelines for GSLPI

Index Nested 

Loops Join

Figure 2.8: Pipelines for progress indicators

Definition 1. A speed-independent pipeline is a group of interconnected operators that

execute concurrently and process tuples at a speed independent of the speeds of other

operators (in other pipelines) in the execution plan.

Based on the above definition, we break an execution plan into a set of speed-independent

pipelines and estimate their speeds. A breaking point in a plan is a blocking or semi-

blocking operator. Since we introduce additional breaking points (semi-blocking opera-

tors), we may break a “traditional” pipeline into finer pieces. For simplicity of discussion,

we refer to a speed-independent pipeline as a “pipeline” in the rest of the chapter. The

driver nodes of a pipeline are defined as the set of all leaf nodes in the pipeline. Fig-

ure 2.8b shows the new pipelines and driver nodes. We adopt the model of work in terms

of the number of GetNext() calls involved, and define the work of a pipeline as the total
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number of GetNext() calls in the driver nodes of a pipeline. The speed of a pipeline is

the amount of work that has been done for the pipeline in the past T seconds, where T

is a user-set parameter. Next, we describe our approach to predict the speed for each

unfinished pipeline using estimated CPU and I/O costs provided by the query optimizer.

The method proposed here is equally applicable to the model where work is defined as

the number of bytes processed.

2.4.2 Total and Wall-clock Costs

To process tuples, each operator in a pipeline needs to perform CPU and/or I/O tasks.

The cost of these tasks represents the “cost of the pipeline”, which is the actual amount

of work that takes time to finish. In addition, we make a distinction between total and

wall-clock pipeline costs, which is imperative for remaining time estimation.

Definition 2. The total pipeline cost is the total amount of CPU and I/O done by a pipeline

from its beginning until the end. The wall-clock pipeline cost is the maximum amount of

non-overlapping CPU and I/O done by a pipeline from its beginning until the end.

The difference between the total and the wall-clock pipeline costs is that the total

pipeline cost represents the total amount of work that “must be done” by a pipeline during

its execution, regardless of whether the execution is parallelized or not. The wall-clock

pipeline cost, on the other hand, identifies the non-overlapping parts of work and finds the

most expensive one.

For example, consider a plan that consists of only a Table Scan operator on lineitem.

It has only one pipeline P1, which is similar to the bottom pipeline depicted in Figure

2.3b. Let us assume that the cost of the operator obtained from the optimizer is CPU cost

= 66 and I/O cost = 767. Here, the total cost denoted Tol(P1) is 833, while the wall-clock

cost Clk(P1) is equal to 767. Since CPU and I/O tasks can be performed in parallel by this
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operator, the execution time is dominated by the I/O cost, and the CPU cost has a trivial

contribution to the overall execution time.

Redistribution of Costs

When an execution plan is chosen and returned by a query optimizer, it typically includes

both CPU and I/O costs for each operator. Intuitively, one might think that we can just

sum up the CPU and I/O costs of all operators in a pipeline to get its total cost. We found,

however, that sometimes this is not true in practice. For an operator Op contained in a

pipeline P , it is possible that part of the “work” of Op may be done during the execution

of other pipelines. Consider the query from Figure 2.3b where P1 works as a producer

providing tuples to be consumed by P2. After a tuple is fetched from the base table by

P1, the tuple will be immediately inserted into the hash table by the Hash Match operator.

When P1 is running, P2 does not generate any output tuples, since it needs to wait until

all of the tuples output by P1 have been inserted into the hash table. After P1 is finished,

P2 reads tuples from the hash table and counts the number of distinct tuples. Though the

work of building the hash table is done by an operator that belongs to P2, it actually occurs

during the execution of P1 and affects the execution time of P1. Thus, the corresponding

cost should be added to P1 and subtracted from P2. We consider this kind of cost to be the

post-processing cost of P1 that provides the data and the pre-processing cost of P2 that

consumes the data.

To do this cost redistribution, for each piece of work we must determine in which

pipelines the work is done and how much of that work is done in each of the pipelines. If

an operator is in the middle of a pipeline, all the work done is within the life span of the

pipeline. However, there are two operators that are exceptions: Hash Join and Group-By

(Hash-based). If these operators are at the boundaries of a pipeline, part of their work
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is done in the producer pipeline(s), and part of their work is executed in the consumer

pipeline(s). To redistribute the cost of a Hash Match or a Hash Join operator, we must

first understand how much of the CPU and I/O is done by each pipeline. The better we can

do the distribution, the more precise the time estimation can be attained by the progress

indicator. For simplicity, we approximate each part of the work using a set of actions that

take roughly the same amount of CPU and I/O.

For a Hash Match operator, the first part (done by the producer pipeline) is to build the

hash table. The insertion of a tuple into a hash table contains the following actions: (1)

reading the tuple, (2) computing the hash value, (3) finding the right bucket, (4) assigning

an empty slot, and (5) inserting the tuple into the hash table. The second part (done by the

consumer pipeline) consists of only one action: reading the tuples from the hash table. Let

the number of input tuples be a, and the number of output tuples be b. The cost assigned

to the producer pipeline is: 5a/(5a + b) × cost, and the cost assigned to the consumer

pipeline is b/(5a+ b)× cost (the cost represents CPU or I/O cost).

Similarly, for a Hash Join operator, its first execution part (done by producer pipeline)

consists of building the hash table, and the second part (done by consumer pipeline) is

responsible for probing the hash table and outputting the result tuples. The probe by a

tuple is modeled as reading the tuple, computing its hash value, finding the right bucket,

finding the right tuple and doing the join. Suppose the build child contains a1 tuples and

the probe child has a2 tuples, and b tuples are output as a result. The cost assigned to the

producer pipeline is: 5a1/(5a1 + 5a2 + b)× cost, and the cost assigned to the consumer

pipeline is: (5a2 + b)/(5a1 + 5a2 + b)× cost.

Note that the need for cost redistribution is not due to our definition of pipeline. The

Hash Match operator in Figure 2.3b is doing work for both P1 and P2, thus it is tricky

to allocate it to one of the pipelines. In this thesis, we assign it to P2. One may use a

different definition and assign it to P1, or even assign it to both P1 and P2. But eventually,
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we will still end up with the problem of how much of the work of this operator is done by

pipeline P1 and P2, respectively. As a result, we can adopt either of these three pipeline

definitions as long as we can distribute the cost to the corresponding pipeline correctly.

Calculating the Costs

To calculate the wall-clock cost for a pipeline, we must know which parts of the work in

the pipeline overlap. In this section, we present the details of our solution for a simple

case, where only one processor and one disk are used for processing a query. However,

the idea can be extended to a scenario where multiple processors and disks are used for

processing. Since there is one processor and one disk available, the CPU cost and the I/O

costs of each operator are expected to overlap. For a set of operators that execute concur-

rently in the same pipeline, their CPU and I/O costs also overlap. Thus, the wall-clock

pipeline cost Clk(P ) of a pipeline P is as follows: Clk(P ) = max(
∑m

i=1CPU(Opi) +

post CPU(P ) − pre CPU(P ),
∑m

i=1 IO(Opi) + post IO(P ) − pre IO(P )), where

m is the number of operators in P and post and pre denote the post processing and

pre processing CPU or I/O cost of a pipeline, respectively. Next, we extend the concepts

of total and wall-clock costs of a pipeline to the entire query, and formally define them as

follows:

Definition 3. The total query cost is the total amount of CPU and I/O done by a query,

and the wall-clock query cost is the maximum amount of non-overlapping CPU and I/O.

Since there is no overlapping work between different pipelines, the wall-clock query cost

is the sum of the wall-clock pipeline costs of all pipelines. To understand these different

costs better, we calculated these costs for Query 2 and Query 3 (from Figure 2.3). The

CPU and I/O costs obtained from SQL Server for Table Scan[Lineitem] are 66 and 767,

for Hash Match(Suppkey) are 275 and 0, and for Hash Match(Orderkey) are 670 and 0,
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respectively. The cost of Compute Scalar is ignored since it is almost 0. The total and

wall-clock costs for pipelines and queries are depicted in Table 2.1.

The Hash Match operator in Query 3 needs to do much more CPU than the same

operator in Query 2. As a result, the total query cost (1503) for Query 3 is obviously

larger than the total query cost for Query 2 (1108). But from the table, we can observe

that the actual execution time of Query 3 is only slightly longer than that of Query 2. The

reason is that for both queries, most of the CPU work required to be done by Hash Match

is done by pipeline P1, and pipeline P1 spends a lot of time doing I/O, which dominates

the execution time compared to CPU. As a result, both P1s in Query 2 and Query 3 take

about 90 seconds to finish, and both P2s finish fast, since they have only a little CPU to do

(compared with P1). For Query 3, we observe that while the number of GetNext() calls

issued by P2 is about 25% of that issued by P1, the actual execution time is much lower

than 25% of P1’s execution time. This is because tuples processed by P2 are in memory

and the average CPU or I/O needed for each tuple in P2 is much lower than that in P1.

Query Q Pipeline P Tol(P) Clk(P) Tol(Q) Clk(Q) Exe. Time 

Query 2 
P1 1107.9 767 

1108 767.1 90 (sec) 
P2 0.1 0.1 

Query 3 
P1 1471 767 

1503 799 93 (sec) 
P2 32 32 

Table 2.1: Comparison of the costs

In summary, having more GetNext() calls or bytes to process does not imply more

CPU or I/O to do, thus it does not lead to longer execution time. The CPU and/or I/O

is the actual “work” which needs to be done by a pipeline and takes time to finish; the

non-overlapping part of the work (represented by wall-clock pipeline cost) determines the

execution time.
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2.4.3 Speed Estimation

To estimate the remaining time of a pipeline, we must know how fast it can process its

work. Given a pipeline, the driver nodes provide sources of tuples to be processed by

the remaining operators. We assume that the total amount of CPU and I/O is amortized

across all tuples provided by the driver nodes. How fast tuples are being processed by the

driver nodes reflects how fast the CPU and I/O requests are being processed by the entire

pipeline. For the purpose of remaining time estimation, it is sufficient for us to consider

the total number of tuples in the driver nodes as the total work, and the rate of processing

these tuples as the speed.

Estimating the speed for an executing pipeline is straightforward, and the number of

tuples processed by its driver nodes in the past T seconds is considered as its processing

speed. For a pipeline that is pending, we can predict its speed based on its wall-clock

pipeline cost and how fast the system can process CPU and I/O tasks. For a pipeline

Pi, suppose its wall-clock cost is Ci, and the total number of tuples in its driver nodes

is Ni, among which Ki have been processed. Let Si be the speed that Pi can process its

tuples in driver nodes. Without loss of generality, suppose that P1 is the running pipeline

and P2 is the pipeline of which the speed that we want to predict. We assume that the

system can process the same amount of CPU or I/O for a query in every T seconds. Let

S1 be the speed of P1, and S2 be the speed of P2 that needs to be predicted. We have
C1

N1
× S1 =

C2

N2
× S2. Then the speed of P2 is:

S2 = S1 ×
C1 ×N2

N1 × C2

.

The remaining time for an unfinished Pi can be estimated as (Ni − Ki)/Si, and the

remaining time for the entire query is the sum of the remaining time of all pipelines. In the
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formula above, the amount of CPU or I/O processed for this query in T seconds equals the

amount of cost finished by the running pipeline in the past T seconds. In case the running

pipeline has random speed fluctuation, we can take the average rate for processing the

CPU or I/O by the running pipeline in the past to smooth the estimation.

The new speed estimate for an unfinished pipeline using its wall-clock pipeline cost

can be much closer to its actual speed than one generated using the uniform speed as-

sumption. For example, for Query 3 in Figure 2.6, when P1 is running, the speed of P2

is estimated as 6.7 × 106 × 767×1.5×107
6×107×32 ≈ 4 × 107 GetNext() calls per 10 seconds. The

estimated remaining time of P2 is 1.5×107
4×107 ×10 ≈ 3.75 seconds, which is close to the actual

value (about 3 seconds). By contrast, the MSRPI assumes that S2 = S1 ≈ 6.7× 106, and

gives an estimate of 22.4 seconds.

2.5 Utilizing Runtime Information

As is the case in query optimization, a key challenge for progress indicators is to accu-

rately estimate cardinalities and costs of operators in the query plan. In the following, we

describe how to collect execution feedback to continuously refine the cardinality and cost

estimates.

2.5.1 Refining Cardinality Estimates

Both the MSRPI and the WiscPI collect information to refine cardinality estimates. The

refinement in the MSRPI is based on refining upper/lower bounds of cardinality estimates

[16], while the WiscPI relies on linear interpolation [41]. Since these two methods are

compatible and each provides additional information for refining cardinalities, we adopt

both upper/lower bounds and linear interpolation to refine cardinality estimates.
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Before GSLPI estimates the remaining time of a query, the cardinality of each unfin-

ished operator is first computed using linear interpolation. For an operator in a running

pipeline, the percentage of the tuples in the driver nodes that have been processed is used

to refine the output cardinality. Let Ed be the input cardinality of the driver node and Kd

of them have been processed, then the percentage of the tuples that has been processed

is p = Kd/Ed. For an operator (other than driver nodes) in the same pipeline, suppose

its original estimate of cardinality is E1 (before the pipeline has started executing) and

it has processed K tuples. The new cardinality estimate based on linear interpolation is

then E2 = K/p. In case that the pipeline has only one driver node, a heuristic formula is

used to estimate the final output: E = p× E2 + (1− p)× E1. In cases where a pipeline

contains more than one driver node, the driver node which finishes processing relatively

fast is chosen to calculate the value of p. Then the upper bound and the lower bound are

calculated for each unfinished operator and are used to further refine their cardinality es-

timate. Intuitively, for each operator the estimated number of output tuples should never

be less than the number of tuples seen so far (i.e., the lower bound). For most operators

except joins, the estimated number of output tuples should never exceed the number of

input tuples (i.e., the upper bound). For more details on upper/lower bounds, we refer the

reader to [16].

Normally, the output cardinality of an operator does not affect the costs of other op-

erators, unless it is a descendant of those operators. However, if the operator is in the

outer subtree of a Nested Loops (NL) join or an Index Nested Loops (INL) join, it may

affect both the CPU and I/O costs of the operators in the inner subtree. If the outer sub-

tree produces more (fewer) tuples for the NL/INL join, the number of executions of the

inner subtree may increase (decrease) as well (this is known as as Rebinds and Rewinds

in SQL Server [45]). As a result, for a NL/INL join, the estimated output cardinality of

the outer subtree should be propagated to the inner subtree to refine the CPU and I/O
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cost of the operators. Take the query plan in Figure 2.8 for example. If the number of

tuples produced by Table Scan operator increases, the number of index seeks done by

inner subtree also increases. Suppose the original and updated estimated output tuples for

the outer subtree is E1 and E2, respectively. Let Ex1 be the original estimated number

of executions of the inner subtree. Then the updated number of executions of the inner

subtree is Ex2 = E2/E1 × Ex1. The updated cost (CPU or I/O) for each operator in the

inner subtree is the cost for one execution times the updated number of executions.

2.5.2 Refining Cost Estimates

Since the wall-clock pipeline cost is critical to the accuracy of GSLPI, when the cardinal-

ity estimate of an operator changes, we also need to revise its cost estimate accordingly.

The cost refinement is based on algebraic properties of the operator. For every operator,

we use a function f to approximate its cost estimate with respect to its properties and

cardinalities. If the cost of an operation increases linearly with the input cardinalities

(e.g., Table Scan, Index Scan, Filter, etc.), the function is simply f(N) = N , where N is

the input cardinality of the operator. Suppose C1 is the cost (CPU or I/O) obtained from

the optimizer for an operator when its input cardinality is N1. When its input cardinality

changes to N2, its cost gets updated to C2 = C1 × N2

N1
. For costs that do not increase

linearly with respect to input, a more complicated function is used.

Estimating I/O costs is even more error-prone than estimating CPU costs. This is

due to the following two reasons: (1) the memory granted to the query may be different

from the available memory assumption made by the optimizer, and (2) the execution of

an operator may bring in the data needed by another operator that runs sometime later. To

alleviate the problem caused by I/O estimation error, we introduce two heuristic methods

to eliminate the I/O cost of an operator, if it does not need to do any I/O (e.g., all the
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data can fit in memory). We first consider the maximum amount of memory required

by a pipeline. For a non-blocking operator in a pipeline, a small fraction of memory is

sufficient, since once a tuple is output by a non-blocking operator, it will be immediately

propagated on to the next operator (if there is any). For a blocking operator, tuples are

collected in the operator until all the input tuples are consumed, therefore, blocking op-

erators are memory consuming and take up most of the memory. Thus, given a pipeline,

the memory-consuming operators include (i) a Sort or a Group-by (Hash-based) operator

providing data for the pipeline, (ii) a Hash Match or a NL/INL join operator inside a

pipeline, and (iii) a blocking operator that takes in the output tuples of the pipeline. We

ignore the amount of memory used by the non-blocking operators. Then the maximum

amount of memory required by a pipeline is defined as the total amount of memory that

is needed to hold the data for the three types of memory-consuming operators above.

If the memory available is more than the maximum amount of memory required by

a pipeline, none of these memory consuming operators needs to do any I/O when their

corresponding pipeline executes. Thus, we can safely remove this part of I/O cost from the

wall-clock pipeline cost of the pipeline. Let Pi and Pj (i < j) be two different pipelines

that contain a same subtree of operators, which generate the same intermediate results. In

this case, SQL Server will detect the common subtrees and try to reuse the intermediate

results. We check whether the intermediate results generated by Pi are still in memory

when Pj runs. Let Mi be the maximum amount of memory required by pipeline Pi, and

Sizer be the size of the intermediate results. If
∑j

k=iMk+Sizer is less than the available

memory for this query, the data brought in by Pi should still be in memory when Pj runs.

We subtract all the costs (both CPU and I/O) of the operators in the subtree from the

wall-clock pipeline cost of Pj .
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2.6 Experimental Evaluation

This section presents experimental results showing the effectiveness of our proposed tech-

niques. We first describe the experimental setup, and then evaluate the performance of

our progress indicator and compare it to the MSRPI and the WiscPI.

2.6.1 Experimental Setup

We implemented all three progress indicators in Microsoft SQL Server 11. Our experi-

ments use a TPC-H 10GB database with all tables stored on a single disk. We measured

the performance of the progress indicators using all 22 queries in the TPC-H benchmark.

Most of them contain more than 8 operators and 4 different pipelines. The experiments

were run on a machine with an Intel Core 2 Duo CPU, with 8 gigabytes of memory. In the

experiments, only the database server was executing, and we run each query one at a time.

When a query is running, a progress indicator wakes up periodically (every 10 seconds,

which is the same as the setting in [41]), collects the runtime information, and estimates

the remaining execution time of the query. For all queries, GSLPI provides progress es-

timates with less than 1% overhead, and this is similar to the overhead introduced by the

MSRPI or the WiscPI. With a smaller T , the PIs could adapt quicker to changes in speed,

but it would not substantially improve the performance of either the MSRPI or the WiscPI

with respect to the main issue (the uniform speed assumption) we address.

2.6.2 Effectiveness of Speed-independent Pipeline

To justify the necessity of using semi-blocking operators for dividing pipelines, we tested

Query 4, a simple and easy to understand example that well illustrate our point. Its ex-

ecution plan is shown in Figure 2.9, which contains a Nested Loops join operator. The
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remaining time predictions made by the MSRPI, the WiscPI and GSLPI are ploted in

Figure 2.10.

Query 4: select * from nation loop join customer on nationkey = 1

Index Seek 

Nation

Index Scan 

Customer

Nested 

Loops Join

Figure 2.9: The execution plan of Query 4
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Figure 2.10: Progress estimation for Query 4

For the MSRPI and the WiscPI, all operators belong to the same pipeline, and the

driver node is the Index Seek Nation operator (refer to Section 2.2 for its definition). The

MSRPI makes a driver node hypothesis, which says that the overall query progress can

be estimated by the progress of only the driver node(s) of the pipeline. Unfortunately, this

is not true for pipelines containing semi-blocking operators, where the execution of the

inner subtree is independent of the execution of the outer subtree. For example, when the

Index Seek operator in Query 4 finishes processing all its tuples at the very beginning,
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the MSRPI assumes that the entire pipeline is finished, and its estimated remaining time

is 0 after that. But in fact, the Nested Loop operator and its inner subtree are still running

and takes about 90 seconds to finish. The WiscPI makes a similar assumption about

the driver node(s) (called dominant input(s) in the original paper). Although it uses a

heuristic formula to smooth fluctuations, which prevents it from jumping to 0 directly, its

estimates are still not quite accurate. Our GSLPI splits the query plan into two speed-

independent pipelines, which truly represent two sets of operators that run independently,

thus produces accurate predictions. For TPCH queries, we also observe similar cases in

which the inner subtree starts running independently after the outer subtree consumes a

certain amount of tuples and halts. For these cases, GSLPI exhibits better performance.

2.6.3 Effectiveness of Wall-clock Pipeline Cost

In this section, we examine the accuracy of our progress indicator. We first show the over-

all performance of GSLPI for TPC-H queries, then provide an analysis for our progress

indicator and compare its remaining time estimates with the other progress indicators.

Overall Performance

To evaluate the performance of our progress indicator, we employ the evaluation metric

called estimation error used in [16, 50]. Assume that the query starts at t0 and ends

at tn. Then let ti (t0 ≤ ti ≤ tn) be the time when the progress estimation is taken,

and RTi be the estimated remaining time. Together with RTi, a progress indicator also

returns a value fi derived from RTi to indicate the percentage of the time completed:

fi = 100(ti − t0)/(RTi + ti − t0). The estimation error at time ti is defined as:

ei = |
100(ti − t0)
(tn − t0)

− fi|,
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where 100(ti − t0)/(tn − t0) represents the actual percent-time done. For each query,

we calculate its average and maximum estimation error. The results are shown in Table

2.2. As we can see from the table, the average error is typically small (only 3 of them

are above 5%), and the maximum error is usually below 10%. The larger errors in the

estimates made by our progress indicator (e.g., Q3, Q12, Q20 and Q21) are due to the

cardinality estimation errors inherited from the query optimizer (see the verification in

Section 2.6.5).

Query Mean Max Query Mean Max
Q1 0.5% 0.6% Q12 10.5% 24.7%
Q2 0.9% 1.9% Q13 1.2% 3.5%
Q3 4.0% 10.4% Q14 1.0% 2.2%
Q4 1.5% 8.5% Q15 0.1% 0.5%
Q5 2.4% 10.3% Q16 1.6% 4.0%
Q6 0.3% 0.7% Q17 0.5% 0.9%
Q7 3.6% 9.4% Q18 0.3% 1.6%
Q8 3.2% 8.2% Q19 0.2% 0.5%
Q9 1.3% 6.3% Q20 16.8% 41.1%
Q10 1.7% 7.7% Q21 5.7% 16.0%
Q11 1.1% 3.2% Q22 1.1% 3.6%

Table 2.2: Estimation errors in TPC-H queries

Utility of Wall-clock Pipeline Cost

In this experiment we use TPC-H query Q1 to show the necessity of redistributing the

CPU and I/O costs to the pipelines where the actual work is being done. We tested and

compared our GSLPI against a modified version that does not perform redistribution. The

non-redistributing version of our progress indicator simply sums up the CPU and I/O costs

of all operators inside a pipeline respectively, and chooses the larger value as the cost of

the pipeline. We use GSLPIdis to denote our original GSLPI, which redistributes the cost
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to get the wall-clock pipeline costs, and GSLPInod to denote the variant. The comparison

of these two progress indicators for Q1 is depicted in Figure 2.11.
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Figure 2.11: Progress estimation for Q1

The graph above illustrates that GSLPIdis is almost identical to the PerfectPI, while the

estimates of GSLPInod are at least 40% longer than the actual remaining time. The reason

is when the first pipeline in Q1 scans a table, it also does most of the work (building the

hash table) for the Hash Match operator in the second pipeline. Since I/O takes a longer

time to finish, the execution time for building the hash table (by doing CPU) is excluded

from the estimates. Without redistribution, GSLPInod assumes that this part of work is

done in the second pipeline, and it takes about 32 seconds. This assumption leads to the

error gap between GSLPInod and the PerfectPI in the graph.

The improved WiscPI [42] suggested an idea of using the CPU and I/O costs of the

input and output operators in the pipeline to scale its speed. It also does not consider the

redistribution of the costs among the pipelines as well. As a result, in the best case the

improved WiscPI can provide estimates similar to that in GSLPInod. Since Hash Match

and Group-By operators are common in query plans (e.g., 21 out of 22 TPC-H execution

plans chosen by the SQL Server optimizer contain this kind of operator), the idea of cost
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redistribution must be deployed if better progress estimates are desired. By introducing

the wall-clock pipeline cost, we are able to address this problem and get more accurate

estimates.

Comparison of Progress Estimates

In this section, we show that using wall-clock pipeline costs to scale the speeds of the

pipelines leads to better estimates than making the uniform speed assumption. We tested

all the TPC-H queries and compared the estimates provided by the MSRPI, the Wis-

cPI, GSLPI and the PerfectPI. From our experiments, we observed improvements for 20

queries (for the remaining 2 queries, all the progress indicators produce accurate results).

We illustrate the results for Q12 in Figure 2.12a. Q12 takes about 120 seconds to

finish, and it spends around 90 seconds on P1 and around 30 seconds on P2. Although it

has 4 different pipelines, only the first two pipelines are important in our discussion (the

other two finish very fast). When P1 is running, the estimates of both the MSRPI and the

WiscPI are over 4000 seconds, which are far away from the PerfectPI as plotted at the

bottom in the figure. GSLPI has an average estimation error of only 10.5%.

To identify the reasons for the errors made by the MSRPI and the WiscPI, we mea-

sured the speed of GetNext() calls. As illustrated in Figure 2.13, the GetNext() calls speed

of P1 is much slower than that of P2. In fact, P1 processes about 3.4×104 GetNext() calls

every 10 seconds, while P2 processes 5×106 GetNext() calls in the same amount of time.

Since P2 has 1.56 × 107 GetNext() calls, if it also processed tuples with the same speed

as P1 (the uniform speed assumption), it should take more than 4000 seconds to finish.

However, in reality it finishes in about 30 seconds. Similarly, for the WiscPI, the number

of bytes processed (computed as the number of GetNext() calls times the average tuple

size) is also slow for P1 and fast for P2. As a result, it generates similar progress esti-
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Figure 2.12: Progress estimation for TPC-H queries

mates. GSLPI, on the other hand, utilizes the wall-clock pipeline costs of P1 and P2 to

estimate the speed of P2 when P1 is running. Since the wall-clock pipeline cost of P2 is

smaller than that of P1 and the number of GetNext() calls in P2 is much larger than that in

P1, the per tuple cost of P2 becomes far smaller than P1, which suggests that each tuple
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in P2 takes much less time to process. By taking advantage of this information, GSLPI

can obtain a more accurate speed estimate for P2 and produce a more precise remaining

time estimate.
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Figure 2.13: Speed of GetNext() calls for Q12

As shown in Figure 2.12b, we obtain similar results for TPC-H Q14 for the same

reason. The performance of the MSRPI and the WiscPI is better compared to that for

Q12, but the estimated remaining time is still much longer than the actual remaining time.

The GSLPI’s results, however, are nearly identical to the PerfectPI’s estimates.

If we compare the MSRPI against the WiscPI, we can see that the WiscPI is the winner

for Q12 and Q14. But according to our understanding, it is challenging to tell which one

produces more accurate estimates in general. Figure 2.12c demonstrates a case where the

MSRPI performs better than the WiscPI. For these two queries, a slow pipeline Ps starts

first, and both progress indicators must estimate the speed of the fast pipeline Pf that runs

later. When Ps is running, WiscPI takes the product of the speed of GetNext() calls and

the average tuple size of Ps and uses it as the speed of Pf . If the average tuple size of Ps

and Pf are the same, the estimates made by the MSRPI and the WiscPI will be the same.

But inQ14, the average tuple size of the slow pipeline happens to be larger than that of the
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fast pipeline, thus, the WiscPI ends up using a faster speed for Pf . As a result, the WiscPI

provides more accurate progress estimates. The opposite case, where the slow pipeline

has a smaller average tuple size, happens in Q10, which makes the MSRPI perform better.

Since more tuples or bytes does not necessarily imply longer execution time, using them

for time estimation is inadequate.

The three example queries above demonstrate that when a slow pipeline runs first, both

the MSRPI and the WiscPI overestimate the execution time for the queries. However,

GSLPI is able to address this problem by using the wall-clock pipeline cost approach.

Figure 2.12d shows a case when a fast pipeline starts first. In this case, both the MSRPI

and the WiscPI underestimate the execution time, whereas GSLPI also handles this case

successfully.

2.6.4 Effectiveness of I/O Elimination Heuristics

To show the effectiveness of the proposed I/O elimination heuristics, we tested another

modified version of GSLPInoh, where no elimination heuristics are used. In this section,

we compare the performance of GSLPInoh with our original progress indicator, denoted

as GSLPIheu here. Significant improvements can be observed for two queries, namely

Q11 and Q18. Figure 2.14 shows the result for Q18. As can be seen, GSLheu progress

indicator is almost identical to the PerfectPI, while GSLnoh underestimates the execution

time at the beginning. When we look into the execution plan, we find that there is one

Hash Match operator, which behaves very different from what is suggested by the query

optimizer. The I/O cost provided by the optimizer for this operator indicates that it should

have some I/O work to do, but when the query is running, it obtains enough resources

to store the entire hash table in the main memory. Thus, no I/O is actually performed.

GSLnoh does not consider this runtime information: when the first pipeline P1 is running
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at the beginning, GSLnoh assumes that P1 is performing the I/O and gets a bigger wall-

clock pipeline cost for P1. Since no I/O is actually performed and tuples get processed

quickly, GSLnoh believes that the system processes the CPU or the I/O tasks fast, and

thus the query will finish in a short time. GSLheu, on the other hand, collects the runtime

information for memory. Since the granted memory is more than the required memory,

GSLheu subtracts the I/O cost from the Hash Match operator’s cost. The revised I/O cost

depicts more accurately what happens in reality.
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Figure 2.14: Progress estimation for Q18

2.6.5 Verification

For all the TPC-H queries that we tested, most of the estimation errors made by GSLPI

are actually due to cardinality estimation errors. To verify this, we tested our progress

indicator based on true cardinalities (obtained after one execution of the query). For the

problematic queries shown in Table 2.2, significant improvement occurs to Q3 Q12, Q20,

and Q21. Figure 2.15 shows the estimated remaining time with the actual cardinalities

(denoted GSLPIact) and the cardinalities obtained from the optimizer at compile-time

(denoted as our original progress indicator GSLPIest). Since the cardinality estimates for
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5 time-consuming operators (in 3 different pipelines) are significantly wrong, this leads

to most of the remaining time estimates to become quite inaccurate as well. With the

true cardinalities, GSLPI can successfully estimate the speed of each pipeline, thus the

remaining time of the query.
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Figure 2.15: Progress estimation for Q21

2.6.6 Accurate Progress Estimations Challenges

In the above sections, we illustrate the improvement that we made over the MSRPI and

the WiscPI. In the following, we present the challenges that we encountered, with a hope

of inspiring the development of more accurate progress indicators.

A key challenge for GSLPI (as well as for any other progress indicators) is accu-

rate cardinality estimation. This problem has been faced by query optimizers for a long

time, and all the progress indicators proposed so far suffer from the cardinality estima-

tion errors. As we mentioned above, cardinality estimation errors contribute to most of

the errors made by GSLPI. In addition, if we can not provide a robust guarantee for the

problem of cardinality estimation, it is impossible for us to develop a progress indicator

with guarantees.
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Even if we could obtain accurate cardinality estimates for a query, the layout of the

data may also affect the estimation of the progress. For the queries that we consider, the

processing speeds of most pipelines usually tend to be constant. If we have a skewed

distribution of the data, the speed may vary during the execution. For example, if most of

the tuples which satisfy the select conditions are clustered at the beginning of the table,

the speed may increase after finish processing these tuples. A progress indicator which

does not aware of the layout of the data is likely to produce inaccurate estimates.

Another challenge problem we have found is the Nested Loops join operator in Q20.

The inner subtree consists of only one Index Seek operator, and the speed of GetNext()

calls for the pipeline in the outer subtree keep increasing quickly. One possible reason

for the increasing speed is that the index seeks finished earlier brought in pages from disk

needed by the Index Seeks operator executed later on. To provide accurate remaining

time estimates for this Nested Loops join, we must be able to model or predict its speed

for processing tuples. We do not have a satisfying solution for it so far, and more effort

must be made for solving this problem.

In addition, the speed may be affected by available resources, interaction among dif-

ferent parts of the query, and queries that arrive at or leave the system, etc. While multi-

query progress indicators are clearly the ultimate goal, it is our belief that identifying and

resolving problems in this simplified setting is a useful step in moving toward addressing

more complicated problems related to progress estimation.

2.7 Impact on a Commercial Product

Presently, the existing tools in commercial DBMSs provide little feedback on the progress

of a running query. This feedback can be extremely beneficial to both end users and in-

ternal users such as database developers. End users can utilize this information to decide
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whether they want to cancel a long running query or allow it to continue, while internal

users can consume this information to diagnose performance related issues. Today, SQL

Server Management Studio (SSMS) and other related tools built for commercial DBMSs

deliver information about estimated and the actual query plans for a given query. How-

ever, these query plans do not contain any run-time information (e.g., rows processed,

memory consumption, etc.) that can be of significant assistance in debugging perfor-

mance issues.

As of the time when this dissertation was written (June 2014), we collaborated with

Microsoft Research and a SQL Server team to provide live query statistics for running

queries. This project is focused on displaying progress of in-flight queries in SSMS. The

new monitoring tool will provide the ability to view in-progress queries from SSMS. The

active query plan will contain the following information: (i) the set of query operators,

(ii) runtime statistics for each query operator, and (iii) an additional progress bar showing

overall query progress. During the time when the query is executing, the progress bars

and runtime statistics of individual operators will be updated periodically. When the query

finishes, the progress bar will indicate its completion. We are now integrating the main

ideas proposed in this chapter for estimating overall query progress into this monitoring

tool for SQL Server 2014. We used two benchmark workloads (TPC-H and TPC-DS)

and three real-world workloads to test our current implementation. It offers a significant

improvement over other alternatives we have tried.

2.8 Related Work

Recently, there has been an increasing interest in the development of progress indica-

tors for database queries. Previous work can be roughly classified into three categories:

commercial progress indicators, research progress indicators, and techniques that can be
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useful for query progress estimation. In the following, we survey these three categories

of work.

The first category includes progress indicators provided by commercial database ven-

dors. Tools for monitoring queries are available in DB2 [19], Teradata [21], Greenplum

[30], SQL Server [47], and Oracle [55]. Some progress indicators collect and return statis-

tics (e.g., number of rows and pages processed, current execution operators, etc.) for a

given running query. Some progress indicators [21, 30] decompose an execution plan into

a number of steps, and indicate which steps are completed/running. Some progress indi-

cators calculate the percent-complete for long running operators [55] or percent-complete

for certain validation and recovery statements [47]. These progress indicators are simple

and coarse-grained.

The second category includes progress indicators for database queries proposed by

research groups. They aim at providing estimates at sufficiently fine granularity. Two

pioneering progress indicators are introduced in [16] and [41], respectively. We refer to

them as the MSRPI and the WiscPI in the context of this thesis. Both the MSRPI and the

WiscPI adopt the idea of dividing a plan into a set of pipelines. The MSRPI calculates the

percentage of GetNext() calls finished as an estimation of the current query progress. The

follow-up work [15] proves that in the worst case, it is impossible for the MSRPI to pro-

vide robust guarantees for the problem of progress estimation. The WiscPI, on the other

hand, estimates the remaining execution time by modeling the work of a query as the

number of bytes processed at the input and output of pipelines. The two follow-up papers

[42, 43] on the WiscPI aim to increase the coverage of the progress indicator to a wider

set of SQL queries and extend the single-query progress estimation to enable progress es-

timation for multiple queries. In [49] and [48], the authors propose a lightweight progress

indicator, and they focus on improving cardinality estimation accuracy for various oper-

ators in the query plan. Since refining cardinality estimates is not the focus of our work,
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we do not incorporate them into our progress indicator. Recently, machine leaning tech-

niques have been adopted for query performance prediction. Kernel canonical correlation

analysis is used in [27] to find the relationship between query plan feature matrices (e.g.,

number of joins and the cardinality sum for the query) and performance feature matrices

(e.g., execution time and number of disk I/Os). Regressions are used in [23] to predict

the execution time of concurrently running queries. For these two approach, a training

model must be built first, and then the model can be used for prediction. For an ad-hoc

query, if its characteristics (e.g., number of joins and the operators used) are very different

from queries in the training sample, the prediction made by these two approach will be

inaccurate. Unlike these two performance predictor, other progress indicators work for

any ad-hoc queries. Our work falls in this category. We address the problems faced by

existing fine-granularity query progress indicators and provide solutions for improving

progress estimation accuracy.

The third category consists of techniques that do not aim at developing progress indi-

cators directly, but can be used by progress indicators instead. The cardinality estimation

techniques [32, 59] can provide the basic information for many progress indicators. Both

the MSRPI and the WiscPI take advantage of runtime statistical information to refine ini-

tial cardinality estimation by optimizers [36, 53]. The cost estimates [34] are exploited

by our proposed query progress indicator. Since a challenging problem for progress es-

timation is to estimate the total work/cost of a query, any method that can be used to

increase the cardinality/cost estimation accuracy, either before the query starts or during

its execution, fall into the third category.
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2.9 Summary

Previous progress indicators have made a uniform speed assumption for progress estima-

tion. We present a deeper insight into a query’s execution, which directly affects predic-

tion accuracy. We also provides the first performance evaluation for the MSRPI and the

WiscPI in the same hardware and software framework, and point out where they do and

do not give good estimates. To address their limitations, we introduce a new cost-based

progress indicator GSLPI, which utilizes wall-clock pipeline cost to produce higher qual-

ity progress estimates. The effectiveness of our techniques are verified with extensive

experiments.

This work lays down a foundation for further development of progress indicators.

One interesting direction would be to extend our progress indicator for parallel database

systems where additional challenges exist (e.g., data skew, new operators, etc.). Another

promising direction would be to provide a cost-based progress indicator for multiple con-

currently running queries and utilize the information provided by progress indicators for

better workload and resource management.
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Chapter 3

Resource Bricolage for Parallel

Database Systems

Running parallel database systems in an environment with heterogeneous resources has

become increasingly common, due to cluster evolution and increasing interest in moving

applications into public clouds. For database systems running in a heterogeneous cluster,

the default uniform data partitioning strategy may overload some of the slow machines

while at the same time it may under-utilize the more powerful machines. Since the pro-

cessing time of a parallel query is determined by the slowest machine, such an allocation

strategy may result in a significant query performance degradation.

In this chapter, we take a first step to address this problem by introducing a technique

we call resource bricolage that improves database performance in heterogeneous environ-

ments. Our approach quantifies the performance differences among machines with vari-

ous resources as they process workload with diverse resource requirements. We formalize

the problem of minimizing workload execution time and view it as an optimization prob-

lem, and then we employ linear programming to obtain a recommended data partitioning
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scheme. We verify the effectiveness of our technique with an extensive experimental

study on a commercial database system.

3.1 Introduction

With the growth of the Internet, our ability to generate extremely large amounts of data has

dramatically increased. This sheer volume of data that needs to be managed and analyzed

has led to the wide adoption of parallel database systems. To exploit data parallelism,

these systems typically partition data among multiple machines. A query running on the

systems is then broken up into subqueries, which are executed in parallel on the separate

data chunks.

Nowadays, running parallel database systems in an environment with heterogeneous

resources has become increasingly common, due to cluster evolution and increasing in-

terest in moving applications into public clouds. For example, when a cluster is first built,

it typically begins with a set of identical machines. Over time, old machines may be re-

configured, upgraded, or replaced, and new machines may be added, thus resulting in a

heterogeneous cluster. At the same time, more and more parallel database systems are

moving into public clouds. Previous research has revealed that the supposedly identical

instances provided by public clouds often exhibit measurably different performance. Per-

formance variations exist extensively in disk, CPU, memory, and network [26, 44, 62, 63].

3.1.1 Motivation

Performance differences among machines (either physical or virtual) in the same cluster

pose new challenges for parallel database systems. By default, parallel systems ignore

differences among machines and try to assign the same amount of data to each. If these
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Figure 3.1: Query execution times with different data partitioning strategies.

machines have different disk, CPU, memory, and network resources, they will take vary-

ing amounts of time to process the same amount of data. Unfortunately, the execution

time of a query in a parallel database system is determined by its slowest machine. At

worst, a slow machine can substantially degrade the performance of the query.

On the other hand, a fast machine in such a system will be under-utilized, finishing its

work early, sitting idle, and waiting for the slower machines to finish. This suggests that

we can reduce execution time by allocating more data to more powerful machines and less

data to the overloaded slow machines, in order to reduce the execution times of the slow

ones. In Figure 3.1, we compare the execution times of the first 5 TPC-H queries running

on a heterogeneous cluster with two different data partitioning strategies. One strategy

partitions the data uniformly across all the machines, while the other partitions the data

using our proposed technique, which we present in Section 3.4. The detailed cluster setup

is described in Section 3.6. As can be seen from the graph, we can significantly reduce

total query execution time by carefully partitioning the data.

Our task is complicated by the fact that whether a machine should be considered

powerful or not depends on the workload. For example, a machine with powerful CPUs
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is considered “fast” if we have a CPU-intensive workload. For an I/O-intensive workload,

it is considered “slow” if it has limited disks. Furthermore, to partition the data in a better

way, we also need to know how much data we should allocate per machine. Obviously,

enough data should be assigned to machines to fully exploit their potential for the best

performance, but at the same time, we do not want to push too far to turn things around by

overloading the powerful machines. The problem gets more complicated when queries in

a workload have different (mixed) resource requirements, as usually happens in practice.

For a workload with a mix of I/O, CPU, and network-intensive queries, the partitioning

of data with the goal of reducing overall execution time is a non-trivial task.

Automated partitioning design for parallel databases is a fairly well-researched prob-

lem [17, 52, 58, 60]. The proposed approaches improve system performance by selecting

the most suitable partitioning keys for base tables or minimizing the number of distributed

transactions for OLTP workloads. Somewhat surprisingly, despite the apparent impor-

tance of this problem, no existing approach aims directly at minimizing decision support

execution time for heterogeneous clusters. We will provide detailed explanations in Sec-

tion 3.7.

3.1.2 Our Contributions

To improve performance of parallel database systems running in heterogeneous environ-

ments, we propose a technique we call resource bricolage. The term bricolage refers

to construction or creation of a work from a diverse range of things that happen to be

available, or a work created by such a process. The keys to the success of bricolage are

knowing the characteristics of the available items, and knowing a way to utilize and get

the most out of them during construction.

In the context of our problem, a set of heterogeneous machines are the available re-
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sources, and we want to use them to process a database workload as fast as possible.

Thus, to implement resource bricolage, we must know the performance characteristics of

the machines that execute database queries, and we must also know which machines to

use and how to partition data across them to minimize workload execution time. To do

this, we quantify differences among machines by using the query optimizer and a set of

profiling queries that estimate the machines’ performance parameters. We then formal-

ize the problem of minimizing workload execution time and view it as an optimization

problem that takes the performance parameters as input. We solve the problem using a

standard linear program solver to obtain a recommended data partitioning scheme. In

Section 3.4.4, we also discuss alternatives for handling nonlinear situations. We imple-

mented our techniques and tested them in Microsoft SQL Server Parallel Data Warehouse

[10], and our experimental results show the effectiveness of our proposed solution.

The rest of the chapter is organized as follows. Section 3.2 formalizes the resource

bricolage problem. Section 3.3 describes our way of characterizing the performance of

a machine. Section 3.4 presents our approach for finding an effective data partitioning

scheme. Section 3.5 summarizes the challenges that are specific to our database system.

Section 3.6 experimentally confirms the effectiveness of our proposed solution. Sec-

tion 3.7 briefly reviews the related work. Finally, Section 3.8 concludes the chapter with

directions for future work.

3.2 The Problem

3.2.1 Formalization

To enable parallelism in a parallel database system, tables are typically horizontally parti-

tioned across machines. The tuples of a table are assigned to a machine either by applying
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a partitioning function, such as a hash or a range partitioning function, or in a round-robin

fashion. A partitioning function maps the tuples of a table to machines based on the val-

ues of specified column(s), which is (are) called the partitioning key of the table. As a

result, a partitioning function determines the number of tuples that will be mapped to each

machine.

CPU

DiskDiskDisk

CPU CPU

Partitioning schemes

For I/O-intensive queries:

For CPU-intensive queries:

33% 67%

67% 33%

Machine 1 Machine 2

Figure 3.2: Different data partitioning schemes.

A uniform partitioning function may result in poor performance. Let us consider a

simple example where we have two machines in a cluster as shown in Figure 3.2. Let the

CPUs of the first machine be twice as fast as that of the second machine, and let the disks

of the first machine be 50% slower than that of the second machine. We want to find the

best data partitioning scheme to allocate the data to these two machines. Suppose that we

have only one query in our workload, and it is I/O intensive. This query scans a table and

counts the number of tuples in the table. The query completes when both machines finish

their processing. To minimize the total execution time, it is easy for us to come up with

the best partitioning scheme, which assigns 33% of the data to the first machine and 67%

of the data to the second machine. In this case, both machines will have similar response

times. Assume now that we add a CPU-intensive query to the workload. It scans and sorts

the tuples in the table. Determining the best partitioning scheme in this case becomes a

non-trivial task. Intuitively, if the CPU-intensive query takes longer to execute than the
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I/O-intensive query, we should assign more data to the first machine to take advantage of

its more powerful CPUs, and vice versa.

...Workload

Query 1

Query q

...

Step 1

Step s

(Subquery 1, …, Subquery n)

...

...

Figure 3.3: A query workload.

In general, we may have a set of heterogeneous machines with different disk, CPU,

and network performance, and they may have different amounts of memory. At the same

time, we have a workload with a set of SQL queries as shown in Figure 3.3. A query can

be further decomposed into a number of steps with different resource requirements. For

each step, there will be a set of identical subqueries executing concurrently on different

machines to exploit data parallelism. A step will not start until all steps upon which it

depends on, if any, have finished. Thus, the running time of a step is determined by the

longest-running subquery. The query result of a step will be repartitioned to be utilized

by later steps, if needed.
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Figure 3.4: Problem setting.
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We visually depict our problem setting in Figure 3.4. Let M1, M2, ..., Mn be a set

of machines in the cluster, and let W be a workload consisting of multiple queries. Each

query consists of a certain number of steps, and we concatenate all the steps in all of the

queries to get a total of h steps: S1, S2, ..., Sh. Assume that tij would be the execution

time for step Sj running on machine Mi if all the data were assigned to Mi. Each column

in the graph corresponds to a machine, and each row represents the set of subqueries

running on the machines for a particular step. In addition, we assume that a machine Mi

also has a storage limit li, which represents the maximum percentage of the entire data

set that it can hold. The goal of resource bricolage is to find the best way to partition data

across machines in order to minimize the total execution time of the entire workload.

3.2.2 Potential for Improvement

Whether it is worth allocating data to machines in a non-uniform fashion is dependent on

the characteristics of the available computing resources. If all the machines in a cluster

are identical or have similar performance, there is no need for us to consider the resource

bricolage problem at all. At the other extreme, if all the machines are fast except for a

few slow ones, we can improve performance and come close to the optimal solution by

just deleting the slow machines. The time that we can save by dealing with performance

variability depends on many factors, such as the hardware differences among machines,

the percentage of fast/slow machines, and the workloads.

To gain preliminary insight as to when explicitly modeling resource heterogeneity

can and cannot pay off, we consider three data partitioning strategies: Uniform, Delete,

and Optimal. Uniform is the default data allocation strategy of a parallel database sys-

tem. It ignores differences among machines and assigns the same amount of data to each

machine. Since there is no existing approach for this problem, we propose Delete as a
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simple heuristic that attempts to handle resource heterogeneity. It deletes some slow ma-

chines before it partitions the data uniformly to the remaining ones. It tries to delete the

slowest set of machines first, and then the second slowest next. This process is repeated

until no further improvement can be made. Optimal is the ideal data partitioning strat-

egy that we want to pursue. It distributes data to machines in a way that can minimize

the overall workload execution time. The corresponding query execution times for these

strategies are denoted as tu, tdel, and topt, respectively. According to the definitions, we

have tu ≥ tdel ≥ topt.

We start with a simple case with n machines in total, where a fraction p of them are

fast and (1−p) are slow. Our workload contains just one single-step query. For simplicity,

we assume that one fast machine can process all data in 1 unit of time (e.g., 1 hour, 1 day,

etc.), and the slow machines need r units of time (r ≥ 1). We also assume that, for each

machine, the processing time of a step changes linearly with the amount of data. The value

r can also be considered to be the ratio between execution times of a slow machine and

a fast machine. We omit the underlying reasons that lead to the performance differences

(e.g., due to a slow disk, CPU, or network connection), since they are not important for

our discussion here. It is easy to see that tu = 1
n
r, tdel = min{ 1

n
r, 1

np
}. In this limited

specialized case that we are considering, calculating topt is easy and can be conducted in

the following way. We denote the fractions of data we allocate to a fast machine as p1 and

to a slow machine as p2, respectively. The optimal strategy assigns data to machines in

such a way that the processing times are identical. This can be represented as p1 = rp2.

Since the sum of all p1s and p2s is 1, we can derive topt = r
n(rp+1−p) .

To see how much improvement we can make by going from a simple strategy to a

more sophisticated one, we calculate the percentage of time we can reduce from t1 to t2

as 100(1 − t2/t1). We discuss the reduction that can be made by adopting the simple

heuristic Delete first, and then we present the further reduction that can be achieved by
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trying to come up with Optimal.

From Uniform to Delete. When r ≤ 1
p
, we have tdel = 1

n
r = tu. The decision is to

keep all machines, and no improvement can be made by deleting slow machines. When

r > 1
p
, tdel = 1

np
. The percentage of reduction we can make is 100(1 − 1

rp
). When rp is

big, the percentage of reduction can get close to 100%. Delete is well-suited for clusters

where there are only a few slow machines and the more powerful machines are much

faster than the slow ones. Thus, given a heterogeneous cluster, the first thing we should

do is try to find the slow outliers and delete them.
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Figure 3.5: Potential for improvement.

From Delete to Optimal. In this case, the improvement we can make is not so ob-

vious. In Figure 3.5, we plot the percentage of time that can be reduced from tdel to topt.

We vary p from 0 to 100% and r from 0 to 20. As we can see from the graph, when r

is fixed, the percentage of reduction increases at first and then decreases as p gets bigger.

Similarly, when p is fixed, the percentage of reduction also increases at first and then de-

creases as we vary r from 0 to 20. More precisely, when r ≤ 1
p
, tdel = 1

n
r. The percentage
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of reduction can be calculated as 100(1 − topt/tdel) = 100(1 − 1
rp+1−p). Since rp ≤ 1,

we have rp + 1 − p < 2. As a result, the reduction 100(1 − 1
rp+1−p) is less than 50%.

When r > 1
p
, we have tdel = 1

np
, and the reduction is 100(1− 1

1+ 1
rp
− 1

r

). Since rp > 1, the

denominator is no larger than 2. Therefore, the percent of reduction is also less than 50%.

Now, let us consider a more complicated example with n machines and n/2+1 steps.

In this example, we will show that in the worst case, the performance gap between Delete

and Optimal can be arbitrarily large. The detailed tij values are indicated in Figure 3.6,

where a is large constant and ε is a very small positive number. If we use each machine

individually to process the data, the workload execution time for a machine in the first half

on the left is a+ (n
2
+ 1)ε. This is longer than the workload execution time a+ (n

2
− 1)ε

for a machine in the second half. When we look at these machines individually, the first

n/2 of them are considered to be relatively slow.
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Figure 3.6: A worst-case example.

Given these machines, Delete works as follows. First, it calculates the execution time

of the workload when data is partitioned uniformly across all machines. The runtime for

the first step S1 is 1
n
(a + ε). The runtime for a later step Sj (j ≥ 2) is 1

n
(a − ε), which

is the processing time of machine Mn/2+j−1. In total, we have n/2 number of such steps.

As a result, the execution time of all steps is 1
n
(a + ε) + 1

2
(a − ε). Then Delete tries to

reduce the execution time by deleting slow machines, thus it will try to delete {M1, M2,
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..., Mn/2} first. We can prove that the best choice for Delete is to use all machines. On

the other hand, the optimal strategy is to use just the “slow” machines and assign 2
n

of the

data to each of them, and we have topt = 2
n
(a+ ε). Although Delete uses more machines

than Optimal, it is easy to get that tdel
topt
≈ n

4
.

3.2.3 Challenges

Although the worst-case situation may not happen very often in the real world, our main

point here is that when there are many different machines in a cluster and we have queries

with various resource demands, the heuristic (Delete) that works well for simple cases

may generate results far from optimal. In addition, the heuristic works by deleting the set

of obviously slow machines. However, simple cases where we can divide machines in the

same cluster into a fast group and a slow group may not happen very often. According to

Moore’s law, computers’ capabilities double approximately every two years. If cluster ad-

ministrators perform hardware upgrades every one or two years, it is reasonable to assume

that we may see 2x, 4x, or maybe 8x differences in machine performance in the same clus-

ter. This assumption is also consistent with what has been observed in a very large Google

cluster [61]. Normally, we would not add a machine to a cluster that is significantly dif-

ferent from the others to perform the same tasks. On the other hand, machines that are

too slow and out of date will be eventually phased out. For systems running on a public

cloud, requesting a set of VM instances of the same type to run an application is the most

common situation. As we discussed in Section 3.1, the supposedly identical instances

from public clouds may still have different performance. Previous studies, which used a

number of benchmarks to test the performance of 40 Amazon EC2 m1.small instances,

observed that the speedup of the best performance instance over the worst performance

instance is usually in the range from 0% to 300% for different resources [26].
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Thus, it is important for us to come up with the optimal partitioning strategy to better

utilize computing resources. To do this, there are a number of challenges that need to

be tackled. First of all, we need to quantify performance differences among machines

in order to assign the proper amounts of data to them. Second, we need to know which

machines to use and how much data to assign to each of them for best performance. Intu-

itively, we should choose “fast” machines, and we should add more machines to a cluster

to reduce query execution times. However, this is not true in the worst-case example we

discussed. In our example, the performance of the set of “slow” machines used by Opti-

mal are similar, and the bottlenecks of the subqueries are clustered on the same step (S1).

Delete uses some additional “fast” machines, but these machines do not collaborate well

in the system. They introduce additional bottlenecks in other steps (S2 to Sn/2+1), which

result in longer execution times. Next, we will discuss how we handle these challenges.

3.3 Quantifying Performance Differences

For each machine in the cluster, we use the runtimes of the queries that will be executed

to quantify its performance. Since we do not know actual query execution times before

they finish, we need to estimate these values.

There has been a lot of work in the area of query execution time estimation [15, 16,

39, 41, 50]. Unlike previous work, we do not need to get perfect time estimates to make

a good data partitioning recommendation. As we will see in the experimental section,

the ratios in time between machines are the key information that we need to deal with

heterogeneous resources. Thus, we adopt a less accurate but much simpler approach to

estimate query execution times. Our approach can be summarized as follows. For a given

database query, we retrieve its execution plan from the optimizer, and we divide the plan

into a set of pipelines. We then use the optimizer’s cost model to estimate the CPU,
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I/O, and network “work” that needs to be done by each pipeline. To estimate the times

to execute the pipelines on different machines, we run profiling queries to measure the

speeds to process the estimated work for each machine.

3.3.1 Estimating the Cost of a Pipeline

Like previous work on execution time estimation [16, 41], we use the execution plan (re-

fer to Section 2.2 for execution plan and pipeline definitions) for a query to estimate its

runtime. In addition to the most commonly used operators in a single-node DBMS, such

as Table Scan, Filter, Hash Join, etc., a parallel database system also employs data move-

ment operators, which are used for transferring data between DBMS instances running

on different machines. In Figure 3.7, we show an execution plan with a data movement

operator as the root. The example plan is divided into two different pipelines.

Table Scan 

[Orders]

Hash Join

Table Scan 

[Lineitem]

Shuffle Move 

[Temp t]

P1

P2

Figure 3.7: An execution plan with two pipelines.

Since pipelines are executed one after another, if we can estimate the execution time

for each pipeline, the total runtime of a query is simply the sum of the execution time(s)

of its pipeline(s). To estimate a pipeline’s execution time, we first predict what is the

work of the pipeline and what is the speed to process the work. We then estimate the

runtime of a pipeline as the estimated work divided by the processing speed. For each
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pipeline, we use the optimizer’s cost model to estimate the work (called cost) that needs

to be done by CPUs, disks, and network, respectively. These costs are estimated based

on the available memory size. We utilize the optimizer estimated cost units to define the

work for an operator in a pipeline. We follow the idea in Section 2.4 to calculate the cost

for a pipeline.

However, the default optimizer estimated cost is calculated using parameters with

predefined values (e.g., the time to fetch a page sequentially), which are set by optimizer

designers without taking into account the resources that will be available on the machine

for running a query. Thus, it is not a good indication of actual query execution time for

a specific machine. To obtain more accurate predictions, we keep the original estimates

and treat them as estimated work if a query was to run on a “standard” machine with

default parameters. Then, we test on a given machine to see how fast it can go through

this estimated work with its resources (the speeds).

3.3.2 Measuring Speeds to Process the Cost

Measuring I/O speed. To test the speed to process the estimated I/O cost for a machine,

we execute the following query with a cold buffer cache: select count(*) from T. This

query simply scans a table T and returns the number of tuples in the table. It is an I/O-

intensive query with negligible CPU cost. For this query, we use the query optimizer to

get its estimated I/O cost, and then we run it to obtain its execution time for the given

machine. In other words, we get the time needed to process the estimated cost on the

machine. Then we calculate the I/O speed for this machine as the estimated I/O cost

divided by the query execution time.

Measuring CPU speed. To measure the CPU speed, we test a CPU-intensive query:

select T.a from T group by T.a from a warm buffer cache. For this query, we can also get
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its estimated CPU cost and runtime, and we calculate the CPU speed for this machine

in a similar way. Since small queries tend to have higher variation in the cost estimates

and execution times, one practical suggestion is to use a sufficiently big table for the test.

Meanwhile, since the time spent on transferring query results from a database engine to

an external test program is not used to process the estimated CPU cost, we need to limit

the number of tuples that will be returned. In our experiment, T contains 18M unsorted

tuples, and only 4 distinct T.a values are returned.

Measuring network speed. We use a small and separate program to test the network

speed instead of a query running on an actual database system. The reason is that it is hard

to find a query to test the network speed when isolating all other factors that can contribute

to query execution times. For a query with data movement operators in a fully functional

system, the query may need to read data from a local disk and store data in a destination

table. If network is not the bottleneck resource, we can not observe the true network

speed. Thus we wrote a small program to resemble the actual system for transmitting

data between machines. We run this program at its full speed to send (receive) data to

(from) another machine that is known to have a fast network connection. At the end, we

calculate the average bytes of data that can be transferred per second as the network speed

for the tested machine.

Finally, for a pipeline P , we can estimate its execution time as the maximum of

CRes(P )/SpeedRes, for any Res in {CPU, I/O, network}. The execution time of a plan is

the sum of the execution times of all pipelines in the plan.

3.4 Resource Bricolage

After we estimate the performance differences among machines for running our workload,

we now need to find a better way to utilize the machines to process a given workload as
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fast as possible. We model and solve this problem using linear programming, and we

deploy special strategies to handle nonlinear scenarios.

3.4.1 Base and Intermediate Data Partitioning

Data partitioning can happen in two different places. One is base table partitioning when

loading data into a system, and the other one is intermediate result reshuffling at the end

of an intermediate step. For example, consider a subquery of a step that uses the execution

plan shown in Figure 3.7. This plan scans two base tables: Lineitem and Orders, which

may be partitioned across all machines. The result of this subquery, which can be viewed

as a temporary table, is served as input to next steps, if there are any. Thus, the output

table may also be redistributed among the machines.

The execution time of a plan running on a given machine is usually determined by

the input table sizes. For example, the runtime of the plan in Figure 3.7 depends on the

number of Lineitem and Orders (L and O for short) tuples. The runtime of a plan that

takes a temporary table as input is again determined by the size of the temporary table.

In some cases, the partitioning of an immediate table can be independent of the par-

titioning of any other tables. For example, if the output of L ./ O is used to perform a

local aggregate in the next step, we can use a partitioning function different from the one

used to partition L and O to redistribute the join results. However, if the output of L ./ O

is used to join with other tables in a later step, we must partition all tables participating

in the join in a distribution-compatible way. In other words, we have to use the same

partitioning function to allocate the data for these tables.

In our work, we consider data partitioning for both base and intermediate tables. Note

that our technique can also be applied to systems that do not partition base tables a priori

or do not store data in local disks. For these systems, our approach can be used to de-
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cide the initial assignment of data to the set of parallel tasks running with heterogeneous

resources, and similarly, our approach can be used for intermediate result reshuffling.

Instead of reading pre-partitioned data from local disks, these systems read data from

distributed file systems or remote servers. In order to apply our technique, we need to

replace the time estimates for reading data locally with the time estimates for accessing

remote data. We omit the details here since it is not the focus of our work.

3.4.2 The Linear Programming Model

Next, we will first give our solution to the situation where all tables must be partitioned

using the same partitioning function, and then we extend it to cases where multiple parti-

tioning functions are allowed at the same time.

Recall that in our problem setting, we have n machines, and the maximum percentage

of the entire data set that machineMi can hold is li. Our workload consists of h steps, and

it would take time tij for machine Mi to process step Sj if all data were assigned to Mi.

The actual tij values are unknown, and we use the technique proposed in Section 3.3 to

estimate them. We want to find a data partitioning scheme that can minimize the overall

workload execution time.

When all tables are partitioned in the same way, we can use just one variable to rep-

resent the percentage of data that goes to a particular machine for different tables. Let pi

be the percentage of the data that is allocated to Mi for each table. We assume that the

time it takes for Mi to process step Sj is proportion to the percentage of data assigned to

it. Based on this assumption, pitij represents the time to process pi of the data for step Sj

running on machine Mi. The execution time of Sj , which is determined by the slowest

machine, is maxni=1 pitij . Then the total execution time of the workload can be calculated

as
∑h

j=1maxni=1 pitij . In order to use a linear program to model this problem, we intro-
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minimize
h∑

j=1

xj

subject to pitij ≤ xj 1 ≤ i ≤ n, 1 ≤ j ≤ h
n∑

i=1

pi = 1

0 ≤ pi ≤ li 1 ≤ i ≤ n

duce an additional variable xj to represent the execution time of step Sj . Thus, the total

execution time of the workload can also be represented as
∑h

j=1 xj . The linear program

that minimizes the total execution time of the workload can be formulated below.

For step Sj , since the execution time xj is the longest execution time of all machines,

we must have pitij ≤ xj for machine Mi. We also know that the percentage of data

that can be allocated to Mi must be at least 0 and at most li. The sum of all pis is 1,

since all data must be processed. We can solve this linear programming model using

standard linear optimization techniques to derive the values for pis (0 ≤ i ≤ n) and

xjs (0 ≤ j ≤ h), where the set of pi values represents a data partitioning scheme that

minimizes
∑h

j=1 xj . Note that we may use only a subset of the machines, since we do not

need to run queries on a machine with 0% of the data. Thus, the data partitioning scheme

suggests a way to select the most suitable set of machines and a way to utilize them to

process the database workload efficiently.

3.4.3 Allowing Multiple Partitioning Functions

When different partitioning functions are allowed to be used by different tables, we are

given more flexibility for making improvements. Thus, we want to apply different parti-

tioning functions whenever possible. In order to do this, we need to identify sets of tables
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that must be partitioned in the same way to produce join-compatible distributions, and we

apply different partition functions to tables in different sets.

Step S

To

Ti1 Ti2 TiI...

Figure 3.8: The input and output tables for a step.

For step S in workload W , let {Ti1, Ti2, ..., TiI} be the set of its input tables and To

be its output table as we show in Figure 3.8. An input table to S could be a base table or

an output table of another step, and all input tables will be joined together in step S. In

order to perform joins, tuples in these tables must be mapped to machines using the same

partitioning function, otherwise tuples that can be joined together may go to different

machines1.

We define a distribution-compatible group as the set of input and output tables for

W that must be partitioned using the same function, together with the set of steps in W

that take these tables as input. Placing a step to a group implies that how to partition the

tables in the group has a significant impact on the execution time of the step. If we can

find all distribution-compatible groups for W , we can apply different functions to tables

in different groups for data allocation.

Given a database, we assume that the partitioning keys for base tables and whether two

base tables should be partitioned in a distribution-compatible way or not are designed by

a database administrator or an automated algorithm [11, 52, 60]. As a result, we know

which base tables should belong to a distribution-compatible group. For intermediate

1We omit replicated tables in our problem. Since a full copy of a replicated table will be kept on a
machine, there is no need to worry about partitioning.
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tables, we need to figure this out. We generate the distribution-compatible groups for a

workload W in the following way:

1. Create initial groups with corresponding distribution-compatible base tables ac-

cording to the database design.

2. For each step S in W , perform the following three instructions.

(a) For the input tables to S, find the groups that they belong to. If more than one

group is found, we merge them into a single group.

(b) Assign S to the group.

(c) Create a new group with the output table of S.

S1

G1

O → To1

L, O

L, O
S1

L, O
S1

L, O
S1

To4

C To1

C, To1
S2

To2

C, To1
S2

To2
S3

G2
C

L, O
S1

C, To1
S2, S4

To2
S3

L, O, To4
S1, S5

C, To1
S2, S4

To2
S3

G3

G4

G5

L

S2 C → To2To1

S3 Agg(To2) return

S4 C → To4

S5 O returnTo4

Steps: Groups:

Figure 3.9: Example of distribution-compatible group generation.

We go through a small example shown in Figure 3.9 to demonstrate how it works.

The example has only five steps and three base tables: L, O, and C, where L and O are
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distribution-compatible according to the physical design. First, we create two groups G1

and G2 for the base tables, and L and O belong to the same group G1. Then for each step

in the workload, we perform the three instructions (a) to (c) as described above. Step S1

joins L and O from the group G1. Since both of them belong to the same group, there

is no need to merge. We assign step S1 to group G1 to indicate that the partitioning of

the tables in G1 has a significant impact on the runtime of S1. A new group G3 is then

created for the output table To1 of S1. No query step has been assigned to the new group

yet, since we do not know which step(s) will use To1. S2 will then be processed. Since S2

joins To1 in G3 with table C in G2, we merge G3 with G2. We do this by inserting every

element in G3 into G2. We then assign S2 to the group that contains tables C and To1, and

we create a new group G4 for To2. At step S3, a local aggregation on To2 is performed,

and the result is returned to the user. Thus we assign S3 to group G4. After all steps are

processed, we get three groups for this workload.

For each distribution-compatible group generated, we can employ the linear model

proposed above to obtain a partitioning scheme for the tables to minimize total runtime

of the steps in the group.

3.4.4 Handling Nonlinear Growth in Time

In our proposed linear programming model, we assume that query execution time changes

linearly with the data size. Unfortunately, this assumption does not always hold true for

database queries. However, as we will see later in our experiments, the assumption is

valid in many cases, and even when it does not strictly hold, it is a reasonable heuristic

that yields good performance.

This assumption is valid for the network cost of a query, where the transmission time

increases in proportion to data size. It is also true for the CPU and I/O costs of many
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database operators, such as Table/Index Scan, Filter, and Compute Scalar. These operators

take a large proportion of query execution times for analytical workloads.

The linear assumption may be invalid for multi-phase operators such as Hash Join and

Sort. We may introduce errors by choosing fixed linear functions for these operators in

the following way. To estimate the tij value for step Sj running on machine Mi, we first

assume that Mi gets 1/n of the data. We then use the query optimizer to generate the

execution plan for Sj , and we estimate the runtime for the plan. Finally, the estimated

value is magnified n times and returned as the tij value for Sj running on Mi. Based on

all tijs we predict, a recommended partitioning is computed using the linear programming

model, and the data we eventually allocate to Mi may be less or more than 1/n.
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1/n data 
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Figure 3.10: I/O cost for Sort.

If the plan is the same as the estimated plan and the operator costs increase linearly

with the data size, everything will work as is. However, since the input table sizes could

be different from our assumption, the plan may change, and some multi-phase operators

may need more or fewer passes to perform their tasks. We use the I/O cost for Sort as

our running example, and the I/O cost for Hash Join is similar. To sort a table with N
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pages using B buffer pages, the number of passes for merging is dlogB−1dN/Bee. In

each pass, N pages of data will be written to disk and then brought back to memory.

The number of I/Os for Sort2 can be calculated as 2NdlogB−1dN/Bee, and we plot this

nonlinear function in Figure 3.10. The axes are in log scale. As we can see from the

graph, for a multi-phase operator like Sort, by making a linear assumption, we will stick

with a particular linear function (e.g., 4N in the graph) for predicting the time. Thus, the

estimated times we used to quantify the performance differences among machines may

be wrong.

The impact of the changes in plans and operator executions is twofold. When a plan

with lower cost is selected or fewer passes are needed for an operator, the actual query

runtime should be shorter than our estimate, leaving more room for improvement. When

things change in the opposite direction, query execution times may be longer than ex-

pected, and we may place too much data on a machine. The latter case is an unfavorable

situation that we should watch out for. We use the following strategies to avoid making a

bad recommendation.

• Detection: before we actually adopt a partitioning recommendation, we involve the

query optimizer again to generate execution plans. We re-estimate query execution

times when assuming that each machine gets the fraction of data as suggested by

our model. We return a warning to the user, if we find that the new estimated

workload runtime is longer than the old estimate. This approach works for both

plan and phase changes.

• Safeguard: to avoid overloading a machine Mi, we can add a new constraint pi ≤

pisafe to our model. By selecting a suitable value for pisafe as a guarding point,

2We assume that the I/Os for generating the sorted runs are done by a scan operator, and we omit the
cost here.
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we can force the problem to stay in the region, where query execution times grow

linearly with data size. For the example shown in Figure 3.10, we can use the value

of the second dark point as pisafe , to prevent data processing time from growing too

fast.

Even if additional passes are required for some operators, the data processing time

of a powerful machine may still be shorter than that of a slow machine. One possible

direction would be to use a mixed-integer program to fully exploit the potential of a

powerful machine. We leave this as an interesting direction for future work.

It is worth noting that a linear region spans a large range. For a sort operator with

x passes, the range starts at B(B − 1)(x−1) and ends at B(B − 1)x. The end point is

B − 1 times as large as the start point. B is typically a very large number. For example,

if the page size is 8KB, an 8MB buffer pool consists of 1024 pages. Thus, introducing

one more pass is easy if the assumed 1/n of the data happens to be close to an end

point. To introduce two more passes, we need to assign at least 1000 times more data

to a machine. Meanwhile, we typically will not assign so much more data to a machine,

since the performance differences among machines in our problem are usually not very

big (e.g., no more than 8x).

3.5 System Specific Challenges

In previous sections, we presented our approach to run database queries efficiently with

heterogeneous resources. Ideally, for a given query, we hope that a database system can

provide the execution plan for it, together with the estimated costs for different resources.

Furthermore, to correctly handle the nonlinearity in time, the estimated costs should be

accurate for different phases of a multi-phase operator. However, every database system
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is different. When we implemented the technique in Microsoft SQL Server PDW, we

encountered some additional challenges that are specific to our system. We summarize

these challenges below.

PDW is a shared-nothing database appliance. It consists of a single control node that

manages one or more compute nodes. Figure 3.11 is a graphical depiction of a PDW

appliance with two compute nodes. The control node provides the external interface

to the appliance, and there is a DBMS running on it for storing “shell databases”. A

shell database is a database that defines all metadata and statistics about tables, but does

not contain any user data. All user data is stored as tables permanently in the DBMSs

running on the compute nodes. These tables could be hash-partitioned or replicated. Each

node has a Data Movement Service (DMS) component running, which is responsible for

transferring data between nodes.
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Figure 3.11: Microsoft SQL Server PDW

The first problem we encountered is about plan generation. For a given query, the

PDW optimizer does not return detailed execution plans for steps before execution, in-

stead it returns a schedule with only the SQL text strings (the subqueries) for each step.
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Actual plans for a step are generated on the fly, after all intermediate results are ready and

right before the step is about to start. With more accurate statistics, delayed plan gener-

ation can choose more cost efficient plans. To generate execution plans for steps before

execution, we create empty tables on the compute nodes. Similar to the ideas of shell

databases, we do not load any user data into these tables. For the purpose of plan selec-

tion, we modify the metadata to store the estimated statistics, such as number of tuples,

average tuple sizes, and histograms for them.

Another problem we found is that the estimated costs provided by the optimizer are

not complete. For example, the costs for a DMS operator are missing. A DMS operator is

not a traditional operator in SQL Server, and its costs are not provided by the SQL Server

optimizer. Since it competes for resources in the system, we need to add its costs to

the estimates. The SQL Server cost model also ignores some CPU costs for aggregation

operators, such as the CPU costs for sum and avg. Since any plan for the query needs

to do the same computations and there may be no other alternatives for doing these,

ignoring the costs may not change the ranking of candidate plans. The optimizer may

still pick the optimal plan for the query. However, for execution time estimation, we need

to add these missing costs, and they must be calculated in a way that is consistent with

the way that is used to calculate the original cost estimates. Thus, we mimic the SQL

Server optimizer cost model to do this. The I/O cost of a DMS operator is easy to get.

It can be calculated as the number of estimated I/Os times the cost per I/O operation.

The second value is taken from the optimizer cost model. For the network cost, it is up

to us to define the network cost unit for DMS operators. Since the original SQL Server

operators do not transfer any data between nodes, there are no network costs for them.

We simply take the number of bytes to send as the network cost for a DMS operator. To

estimate the CPU cost of a DMS operator, we first run a CPU-intensive query that transfers

a large set of data to learn a parameter. For the pipeline P in the query that contains
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the DMS operator, we assume that its execution time t(P ) = (Original CPU cost +

Missing CPU cost)/Speedcpu. In this formula, we know t(P ) (by running this query),

Speedcpu (by running the CPU test query), and the original estimated CPU cost. Thus,

we can calculate how much CPU cost is missing for this pipeline that should be added.

This CPU cost for the DMS operator is required for computing a hash value for a tuple,

finding its destination, and packing it. Based on the number of tuples sent, we can derive

a new parameter to represent the average CPU cost for a DMS operator to transfer a tuple.

Then we use this computed parameter to estimate CPU costs for other DMS operators.

We use the same idea to estimate another parameter to represent the average CPU cost to

perform a scalar operation. A small trick to get a CPU-intensive pipeline is to use as few

CPUs as possible, and at the same time, configure the system for the maximum I/O and

network speeds. To make sure that the pipeline is really CPU intensive, we can run the

query again with more CPUs. If we can shorten the query runtime by adding CPUs, we

know that the query is CPU bound in the original setting.

The last problem we encountered is about cost estimation for multi-phase operators.

SQL Server cannot provide accurate cost estimates for these operators when memory is

extremely sparse. Take Hash Join as an example. When the smaller relation S for the join

contains |S| pages and the memory has less than
√
|S| pages, the optimizer estimated I/O

cost for the join is much less than what we expect. Although the costs are not accurate,

the operators are allowed to adapt online to available memory by changing the number

of phases used. If a specific operator (e.g., a hash join) is typically the best choice when

memory size is small, ignoring the actual costs may be fine for an optimizer. In our work,

without accurate costs, we cannot use feedback to improve our partition recommendations

when operators change the number of phases needed. We can either issue a warning

saying that we do not have much confidence in our estimates or set guarding points to

prevent us from entering the uncertain regions. However, in most cases, we believe that
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the available memory in a system should be larger than the square root of the smaller

input table size to Hash Join (or the input table size to Sort).

3.6 Experimental Evaluation

This section experimentally evaluates the effectiveness and efficiency of our proposed

techniques. Our experiments focus on whether we can accurately predict the perfor-

mance differences among machines, and whether we are able to achieve the estimated

improvements provided by our model. We also evaluate our technique’s ability to handle

situations where data processing times increase faster than linear.

3.6.1 Experimental Setup

We implemented and tested our techniques in Microsoft SQL Server Parallel Data Ware-

house. Our cluster consisted of 9 physical machines, which were connected by a 1Gbit

HP Procurve Ethernet switch. Each machine had two 2.33GHz Intel E5410 quad-core

processors, 16GB of main memory, and eight SAS 10K RPM 147GB disks. On top of

each physical machine, we created a virtual machine (VM) to run our database system.

One VM served as a control node for our system, while the remaining eight were compute

nodes. We artificially introduced heterogeneity by allowing VMs to use varying numbers

of processors and disks, limiting the amount of main memory, and by “throttling” the

network connection.

The parallel database system we ran consists of single-node DBMSs connected by a

distribution layer. As a result, we have eight instances of this single-node DBMS, each

running in one of the VMs. The single-node DBMS is responsible for exploiting the

resources within the node (e.g., multiple cores and disks), however, this is transparent to
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Table Partition Key Table Partition Key
Customer c custkey Part p partkey
Lineitem l orderkey Partsupp ps partkey
Nation (replicated) Region (replicated)
Orders o orderkey Supplier s suppkey

Table 3.1: Partition keys for the TPC-H tables.

Strategy Uniform (sec) Delete (sec) Bricolage (sec)
CPU-intensive 5346 5346 (0.0%) 4115 (23.0%)

Network-intensive 5628 5628 (0.0%) 4583 (18.6%)
I/O-intensive (2) 5302 5103 (3.7%) 3317 (37.4%)
I/O-intensive (4) 5583 3522 (36.9%) 2431 (56.5%)

Mix-2 6451 4760 (26.2%) 3420 (47.0%)
Mix-3 8709 8052 (7.5%) 5202 (40.3%)

(a) Estimated execution time and percentage of time reduction
for different data partitioning strategies

Strategy Uniform (sec) Delete (sec) Bricolage (sec)
CPU-intensive 7371 7371 (0.0%) 6024 (18.3%)

Network-intensive 8720 8720 (0.0%) 7205 (17.4%)
I/O-intensive (2) 6037 6581 (-9.0%) 4195 (30.5%)
I/O-intensive (4) 6275 4026 (35.8%) 3236 (48.4%)

Mix-2 7680 6107 (20.5%) 5131 (33.2%)
Mix-3 11564 9202 (20.4%) 5767 (50.1%)

(b) Actual execution time and percentage of time reduction
for different data partitioning strategies

Table 3.2: Overall performance.

the parallel distribution layer. We used a TPC-H 200GB database for our experiments.

Each table was either hash partitioned or replicated across all compute nodes. Table 3.1

summarizes the partition keys used for the TPC-H tables. Replicated tables were stored

at every compute node on a single disk.
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3.6.2 Overall Performance

To test the performance of different data partitioning approaches, we used a workload of

22 TPC-H queries. By default, each VM used 4 disks, 8 CPUs, 1Gb/s network bandwidth,

and 8GB memory. In the first set of experiments, we created 6 different heterogeneous

environments as summarized below to run the queries. In these cases, we vary only the

number of disks, CPUs, and the network bandwidth for the VMs. We will study the

impact of heterogeneous memory in a separate subsection later.

1. CPU-intensive configuration: to make more queries CPU bound, we use as few

CPUs as possible for the VMs. In this setting, we use just one CPU for half of

the VMs, and two CPUs for the other half. As a result, CPU capacity of the fast

machines is twice that of the slow machines.

2. Network-intensive configuration: similarly, to make more queries network bound,

we reduce the network bandwidth for the VMs. We set the bandwidth for half of

them to 10 Mb/s and for the other half to 20 Mb/s.

3. I/O-intensive configuration (2): we reduce the number of disks that are used by

the VMs. We limit the number of disks used for half of them to one and for the

remainder to two.

4. I/O-intensive configuration (4): in this setting, we have 4 types of machines in the

cluster. We set the number of disks used by the VMs to 1, 1, 2, 2, 4, 4, 8, and

8, respectively. Note that the I/O speeds of the machines with 8 disks (the fastest

machines) are roughly 4 times as fast as the I/O speeds of the machines with just

1 disk (the slowest machines), and the I/O speeds of the machines with 4 disks are

roughly 3.2 times as fast as the I/O speeds of the slowest machines.
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5. CPU and I/O-intensive configuration: the number of disks used by the VMs is the

same as in the above configuration, but we reduce their CPU capability. We set

the number of CPUs that they use to 2, 4, 2, 4, 2, 4, 2, and 4, respectively. In this

setting, all VMs are different. If we calculate a ratio to represent the number of

CPUs to the number of disks for a VM, we can conclude that subqueries running

on a VM with a small ratio tend to be CPU bound, while subqueries running on a

VM with a large ratio tend to be I/O bound. We refer to this configuration as Mix-2.

6. CPU, I/O, and network-intensive configuration: The CPU and I/O settings are

the same as above. We also reduce the network bandwidth to make some of the

subqueries network bound. We set the bandwidth for the VMs in Mb/s to 30, 30,

30, 10, 10, 30, 30, and 30, respectively. We refer to this configuration as Mix-3.

For each heterogeneous cluster configuration, we evaluate the performance of the

strategy proposed in this chapter (we refer to it as Bricolage). We use Uniform and

Delete as the competitors, since to the best of our knowledge, there are no previously

proposed solutions in the literature. The improvement in execution time due to our brico-

lage techniques depends on differences among machines. For each cluster configuration,

we first measure the processing speeds for each machine using the profiling queries and

the network test program described in Section 3.3. We then generate execution plans

for the queries in our workload assuming uniform partitioning, and we estimate the pro-

cessing times for these plans running on different machines. As a result, we can derive

the estimated query execution time for each query and the estimated tij values for each

machine. These values are then used as input parameters for both Delete and Bricolage.

For machine Mi, Delete sums up all its tij values and uses the summation as its score.

Delete then tries to delete machines in descending order of their scores until no further

improvements can be made. We then estimate the new query execution times for Delete
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where only the remaining machines are used. For our approach, we use the tij values

together with the li values (determined by storage limits) as input to the model, and then

we solve the linear program using a standard optimization technique called the simplex

method [18]. The model returns a recommended data partitioning scheme together with

the targeted workload execution time. In Table 3.2(a), we illustrate the predicted work-

load execution time for different approaches running with different cluster configuration.

We also calculate the percentage of time that can be reduced compared to the Uniform

approach.

We load the data into our cluster using different data partitioning strategies to run the

queries, and we measure the actual workload processing times and the improvements. In

Table 3.2(b), we list the numbers we observe after running the workload. As we can see

from the table, although in some cases, our absolute time estimates are not very precise,

the percentage improvement we achieve is close to our predictions. As a result, we can

conclude that our model is reliable for making recommendations.

0

200

400

600

Q6 Q7 Q8 Q9 Q10

TPC-H Query

Query execution time (sec)

Uniform
Delete

Bricolage

Figure 3.12: Query execution time comparison.

In Figure 3.1, we show the execution times of the first 5 TPC-H queries (Q1 to Q5)

running with the I/O-intensive (4) configuration. In Figure 3.12, we show the results for
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the next 5 TPC-H queries (Q6 to Q10) along with the results for Delete. Compared to

Uniform, Delete reduces query execution times by removing the slowest machines (the

bottleneck) with just one disk. For Q6, Delete and Bricolage have similar performance,

since this query moves a lot of data to the control node, which is the bottleneck when data

is partitioned using these two strategies. For other queries, Bricolage can further reduce

query execution times by fully utilizing all the computing resources.

3.6.3 Execution Time Estimation

In our work, we quantify differences among machines using data processing times (the

tijs). Thus, we want to see whether our estimated times truly indicate the performance

differences. For each machine in the cluster, we sum up its estimated and actual execution

times for all steps. In Figure 3.13(a), we plot the results for the CPU-intensive config-

uration. In this case, the estimated workload execution time is 5346 seconds, which is

shorter than the actual execution time of 7371 seconds. From the graph, we can see that

the estimated times for all machines are consistently shorter than the corresponding actual

execution times. If we pick the machine with the longest actual processing time (M4 in

the graph) and use the actual (estimated) time for it to normalize the actual (estimated)

times for other machines, we get the normalized performance for all machines as shown

in Figure 3.13(b). Ideally, we hope that for each machine its normalized estimated value

is the same as the actual value. Although our estimates are not perfect, the errors we make

when predicting relative performance differences are much smaller than when predicting

absolute performance.

From Figure 3.13(b), we can also see that we underestimate performance for some

machines (e.g., M2) while overestimate performance for some others (e.g., M3). In this

case, we will assign an inadequate amount of data to the underestimated machines and too
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Figure 3.13: Performance predictions for machines.

much data to the overestimated ones, which leads to performance degradation. As a result,

the actual improvement we obtained is usually smaller than the predicted improvement.

In our experiments, we found that the estimated CPU and network speeds tend to be

slightly faster than the speeds we observed when running the workload. Since the queries

in our workload are more complicated than the profiling queries we used to measure the

speeds, we suspect that the actual processing speeds slow down a bit due to resource con-

tention. But since we use the same approach (e.g., the same query/program) to measure

the speeds for all machines, we introduce the same errors for them, consistently. As a

result, we can still obtain reasonable estimates for relative performance.

We also found that I/O processing speeds are easier to estimate than CPU and network

speeds, and the time predictions for the I/O-intensive configurations are very accurate. In

Figure 3.14, we compare the estimated and the actual query execution times for all 22

queries in our workload when they are running with the Mix-2 configuration. We can

provide accurate estimates for most queries. In our experiments, the time estimates for
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the queries running with the I/O-intensive (2) and (4) configurations are more accurate

than the time estimates shown in Figure 3.14, while the time estimates for the queries

running with the Mix-3 configuration are less precise.

3.6.4 Investigating Optimal Improvements

The experiments presented up until now demonstrate that the actual improvements we

obtain are close to our predicted improvements. However, this does not tell us whether or

not further improvements might be possible if we had better system performance predic-

tions. In this section we explore this issue. Our goal is not to provide a better technique;

rather, it is to evaluate the gap between our technique and the optimal, perhaps to shed

light on remaining room for further improvement.

We try to derive the best possible improvements by using information obtained from

actual runs of the queries to get more accurate tij estimates. An execution plan consists of

multiple pipelines. For the pipelines that do not transfer any data to other machines, their
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processing times are determined only by the performance of the machine on which they

run. As a result, we know their actual execution times, and we can replace our estimated

values with the actual values. However, for the last pipeline in a plan, which transfers data

to other machines, the execution time we observe in an actual run may also be determined

by the processing speeds of other machines in the cluster. For this kind of pipeline, it

may be hard to get the processing time that is independent of the other machines, and we

have to use our estimated value. However, we can still try to improve the estimates by

using actual query plans and actual cardinalities. In our experiment, we found that for the

4 configurations without network-intensive pipelines, the other machines have negligible

impact on the execution time of a pipeline running on a specific machine. As a result, we

have very accurate tij values for these 4 cases. However, the impact of other machines on

the execution time of a network-bound pipeline is very obvious.

Configuration Est. reduction Act. reduction
CPU-intensive 20.6% 18.3%

Network-intensive 22.1% 17.4%
I/O-intensive (2) 32.3% 30.5%
I/O-intensive (4) 51.2% 48.4%

Mix-2 41.1% 33.2%
Mix-3 42.7% 50.1%

Table 3.3: Estimated time reductions using actual runs.

We use these updated tij values as input to our model, and we calculate the percent-

age of time that can be reduced for the 6 cases (we refer to this method as Optimal-a

later). The new estimated time reductions are shown in Table 3.3. If we compare these

values with the actual improvements we made, we find that they are close. Based on this

investigation, we suspect that it is not worth trying too hard to improve the tij estimates.
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3.6.5 Handling Nonlinearity

The method we use to handle nonlinearity is based on the hypothesis that available mem-

ory changes processing time by changing the number of passes needed by multi-phase

operators, and there are linear regions for these operators that are determined by the num-

ber of phases required.

To test whether linear regions exist along with the number of passes needed, we test

how data processing time changes with the data size. The cluster is configured with the

I/O-intensive (4) setting. We set the memory size of the last machine to 0.25GB or 0.5GB,

and we vary the amount of data assigned to it from 10% to 50%. The memory sizes of

the other machines are set to 8GB, respectively, and they evenly share the remaining data.

We sum up the time to process all steps for the last machine and plot the results in Figure

3.15(a). In both cases, the total time increases linearly with data size. When memory size

is 0.5GB, all memory-consuming operators need no more than one pass, and when the

memory size is 0.25GB, some operators need two passes. Since these operators do not

change the number of passes required when we vary data size, they stay in regions where

processing time grows linearly. Furthermore, as we have shown in Figure 3.10, the line is

steeper when more passes are needed. Thus, when memory size is 0.25GB (2 passes are

needed), the line should also have a steeper slope. To see this more clearly, we plot the

results in Figure 3.15(b) for a subset of the most memory-consuming queries, rather than

all queries in our workload.

Based on our observations, to assign the proper amount of data to a machine, we

need to estimate the execution time for a query accurately with different memory sizes,

and we also need to use the corresponding estimate when the execution goes to a phase

with a different number of passes. For the system that we worked with, our technique is

effective when no more than one pass is needed. Take the I/O-intensive configuration as
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Figure 3.15: Execution time vs. data size.

an example. We set the DBMS memory size to 0.5GB (where no operator needs more than

one pass) for the last machine and 8GB for other machines to repeat the experiment. The

predicted and actual time reductions for our approach are 53.5% and 46.7%, respectively.

The time estimates for the last machine correctly represent its performance differences

compared to other machines, and thus less data is assigned to it compared to its original

configuration with 8GB memory.

Strategy Bricolage-d Bricolage-g Optimal-a
Est. reduction 53.1% 52.5% 46.7%
Act. reduction 35.2% 44.1% 44.9%

Table 3.4: Percentage of time reductions when memory size is 0.25GB for the last ma-
chine.

However, when memory is really scarce and more than one pass is required, the I/O

cost estimates provided by our system are no longer accurate. Our predicted times are

usually smaller than the actual processing times. In the first column of Table 3.4, we show

the estimated and actual reductions in time for our default approach without guarding
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points (we refer to it as Bricolage-d in the table), when the DBMS memory size is set to

0.25GB for the last machine. This is a really adversarial situation, since the last machine

has the most powerful disks to accomplish more I/O work while at the same time, it does

not have enough memory to accommodate the data. The actual performance we obtained

is much worse than our prediction, since we assign too much data to the last machine.

We have proposed two strategies in Section 3.4.4 for handling this: issuing a warn-

ing or using guarding points. In the above case, after we use Bricolage-d to provide an

allocation recommendation, we estimate the input size |S| for each memory-consuming

operator as if data were partitioned in the suggested way. We found that some operators

need two passes based on the estimated input table sizes and available memory. Thus, we

can issue a warning saying that we are not sure about our estimate this time. Another ap-

proach denoted as Bricolage-g is to use guarding points. For machine Mi, we calculated

a pisafe value, to ensure that as long as the data allocated to Mi is no more than pisafe ,

no operator needs more than one pass. As we can see from the table, by using guarding

points, our estimate is now more accurate. We also investigate the optimal improvement

for this case by using information derived from actual runs as input parameters to the

model. The results are shown in the last column of Table 3.4. Although the actual re-

ductions for Bricolage-g and Optimal-a are similar here, in general, an approach that uses

true performance for machines can better exploit their capabilities. As a result, we leave

accurate time estimation for memory-consuming operators as our future work.

3.6.6 Overhead of Our Solution

Our approach needs to estimate the processing speeds for machines, estimate plans and

their execution times, and solve the linear model. Here, we describe the overheads in-

volved. In our experiments, we used 2 minutes each to test the I/O and the CPU speeds
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for a machine. This can be done on all machines concurrently. We used 30 seconds

to test the network speed for a machine, but another fast machine is required for send-

ing/receiving the data. In the worst case, where we use just one fast machine to do the

test, we need 0.5n minutes to test all n machines. We think this overhead is sufficiently

small. For example, we need only 50 minutes to test the network speeds for 100 ma-

chines. For the complex analytical TPC-H workload, the average time to generate plans

and estimate processing times for a query is 2.3 seconds. Thus the expected total time

to estimate the performance parameters for a workload is 2.3|W |, where |W | is the num-

ber of queries in the workload. After we get all the estimates, the linear program can be

solved efficiently. For example, for a cluster with 100 machines of 10 different kinds, and

a workload with 100 queries, the linear program solver returns the solution in less than 3

seconds.

3.7 Related Work

Our work is related to query execution time estimation, which can be loosely classified

into two categories. The first category includes work on progress estimation for running

queries [15, 37, 39, 41, 42, 48]. The key idea for this work is to collect runtime statistics

from the actual execution of a query to dynamically predict the remaining work or exe-

cution time for the query. In general, no prediction can be made before the query starts.

The debug run-based progress estimator for MapReduce jobs proposed in [51] is an ex-

ception. However, it cannot provide accurate estimates for queries running on database

systems [40]. On the other hand, the second category of work focuses on query running

time prediction before a query starts [13, 24, 28, 64, 65]. In [65] the authors proposed a

technique to calibrate the cost units in the optimizer cost model to match the true perfor-

mance of the hardware and software on which the query will be run, in order to estimate
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query execution time. This paper gave details about how to calibrate the five parameters

used by PostgreSQL. However, different database optimizers may use different cost for-

mulas and parameters. Additional work is required before we can apply the technique to

other database systems. The other work has explored the use of machine-learning based

techniques [13, 24, 28] for the estimation of query runtime. One key limitation of these

approaches is that they do not work well for new “ad-hoc” queries, since they usually use

supervised machine learning techniques.

Another related research direction is automated partitioning design for parallel databases.

The goal of a partitioning advisor is to automatically determine the optimal way of par-

titioning the data, so that the overall workload cost is minimized. In [52, 60], this is

achieved by selecting the most suitable partitioning key for each table to minimize es-

timated costs, such as data movement costs. While these approaches can substantially

improve system performance, they focus on base table partitioning and treat all machines

in the cluster as identical. After the partitioning keys are selected, data is partitioned uni-

formly across all machines based on the key values. In our work, we aim at improving

query performance in heterogeneous environments. Instead of always applying a uniform

partitioning function to these keys, we vary the amount of data that will be assigned to

each machine for the purpose of better resource utilization and faster query execution.

The work in [17, 58] attempts to improve scalability of distributed databases by mini-

mizing the number of distributed transactions for OLTP workloads. Our work targets

resource-intensive analytical workloads where queries are typically distributed.

Our work is also related to skew handling in parallel database systems [22, 67, 68].

Skew handling is in a sense the dual problem of the one that we deal with in this chapter.

It assumes that the hardware is homogeneous, but data skew can lead to load imbalances

in the cluster. It then tries to level the imbalances that arise.

Finally, our work is related to various approaches proposed for improving system per-
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formance in heterogeneous environments [12, 69]. A suite of optimizations are proposed

in [12] to improve MapReduce performance on heterogeneous clusters. Zaharia et al. [69]

develop a scheduling algorithm to dispatch straggling tasks to reduce execution times of

MapReduce jobs. Since a MapReduce system does not use knowledge of data distribution

and location, our technique cannot be used to pre-partition the data in HDFS. However,

we can apply our technique to partition intermediate data in MapReduce systems with

streaming pipelines.

3.8 Summary

We studied the problem of improving database performance in heterogeneous environ-

ments. We developed a technique to quantify performance differences among machines

with heterogeneous resources and to assign proper amounts of data to them. Extensive

experiments confirm that our technique can provide good and reliable partition recom-

mendations for given workloads with minimal overhead.

Our work in this chapter lays down a foundation for several directions towards future

studies to improve database performance running in the cloud. Previous research has re-

vealed that the supposedly identical instances provided by a public cloud often exhibit

measurable performance differences. One interesting problem is to select the set of most

cost-efficient instances to minimize the execution time of a workload. In the next chapter,

we will study this problem. While the focus of this work has been on static data parti-

tioning strategies, the natural follow-up to this work will be to study how to dynamically

repartition the data at runtime, when our initial prediction was not accurate or system

conditions change.
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Chapter 4

Resource Bricolage with Constraints

In the previous chapter, we presented our solution to improve database performance in

heterogeneous environments. In that problem setting, we assumed that we knew all the

machines that can be used to execute a workload, and we focused on solving a data al-

location problem where we tried to assign proper amounts of data to the machines to

fully exploit their potential. Our approach can significantly reduce workload execution

time for heterogeneous clusters. However, when a new cluster is built or when an old

cluster is upgraded, there might be various machines that we can choose to do it. Since

machines might have varying resources, different choices may lead to different costs or

performance. Thus, we may encounter a resource selection problem where we need to

decide which machines to use if we only have a limited budget or a performance goal. By

carefully selecting the most suitable machines for running a workload, we may achieve

better performance with the same budget, or we may meet the same performance require-

ments with a lower cost.

In this chapter, we discuss two resource bricolage problems with constraints that oc-

cur in practice. We first formally define the problems and prove their hardness. We then
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employ mixed integer programming techniques to efficiently search for the optimal so-

lution which minimizes either (i) workload execution time with a budget constraint, or

(ii) cost of money with a time constraint. Finally, we analyze various use cases to il-

lustrate when a simple heuristic solution is effective and when a sophisticated solution

is needed for these problems. Through synthetic experiments, we show that a solution

that combines both data allocation and resource selection can usually yield significant

performance improvement over other alternatives that do not.

4.1 Introduction

In many cases, it has become inevitable for us to select computing resources from a di-

verse range of such resources to build a cluster or to run an application. For example, we

may need to select a set of machines to upgrade a cluster, choose a set of virtual machine

instances to run an application, or pick a set of resource containers to execute a workload.

Hardware upgrades. When a cluster is first built, we may start with homogeneous

hardware. As time passes by and business grows, we may want to upgrade the hardware

or add more capacity to the cluster. By then, we may not be able to find the same hardware

that was used to build the cluster at the very beginning, or we may be able to buy different

kinds of more powerful machines with the same amount of money. Thus, there are a

variety of machines that we can choose for cluster upgrades.

Public clouds. With the prosperity of cloud computing, an increasing number of ap-

plications are moving into public clouds. Cloud providers typically adopt a pay-as-you-go

model in which tenants can allocate and terminate virtual machine instances at any time

and pay for the machine hours they use [1, 4, 6, 9]. However, not all virtual machine

instances of the same type are created equal [26, 56]. Due to underlying hardware dif-

ferences and resource contention, the supposedly identical instances provided by a public
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cloud often exhibit measurable performance differences [25, 44, 62, 63]. A striking con-

sequence of such a counterintuitive phenomenon is that a customer may end up paying

the same amount of money for instances of the same type with varying performance. On

the other hand, the variation between virtual machine instances suggests that cloud cus-

tomers may optimize performance by carefully selecting the most suitable instances for

their workloads.

Shared infrastructure. At the same time, for those systems that remain in private

clusters, it is desirable to consolidate different workloads into a shared infrastructure to

exploit data locality and multiplex physical resources. In this shared environment, it is

hard to guarantee that the resources available on different machines will always be the

same for a specific application/query that is about to start. For example, for applications

running on Apache Hadoop NextGen MapReduce (YARN) [3] framework, they may re-

quest different resource containers on different machines, leaving behind a collection of

containers with vastly different capacities for new coming applications. As a result, we

need to decide which machines and containers to use for new applications.

4.1.1 Motivation

The consequent performance heterogeneity is of concern to cluster users. Due to per-

formance heterogeneity, if we carefully select which resources to use, we may obtain

better performance with the same budget or achieve the same performance with a lower

cost. For cluster upgrades and resource multiplexing, since machines or containers may

have varying capacities, different choices may lead to different performance. For public

clouds, there are a number of differences between running applications on them and on

traditional clusters, and the most important difference is variability [44]. To help cus-

tomers deploy applications in the cloud, previous researchers either conduct performance
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evaluations or design algorithms to seek virtual machine instances with better perfor-

mance [26, 56, 57, 70, 71, 72]. For example, customers can over-allocate instances and

then terminate those instances with bad performance to optimize their cloud usage. By

selecting better performing instances to complete the same task, cloud users can save up

to 30% of their total costs [56, 57].

However, previous research has been focused on relatively simple workloads, such

as workloads with a single bottleneck resource. For example, the work in [71] aims at

only latency-sensitive applications where the response time of a service request largely

depends on network connectivity between instances. As we have discussed in the previ-

ous chapter, our targeted workloads consist of SQL queries running in a parallel database

system, which may be decomposed into a number of steps with different resource require-

ments. Thus, a decision that is made purely based on performance evaluations of a single

type of resource may result in poor performance. To select the best set of computing

resources to process a workload, we must take into account the following three aspects

simultaneously. First of all, we should select machines that are “suitable” for processing

the workloads. In other words, we prefer machines that can process the workloads fast.

Second, the selected machines should “collaborate” well in the same cluster (refer to Sec-

tion 3.2.3 for an example when machines do not collaborate well). Finally, we should

allocate data using our resource bricolage technique presented in previous chapter for the

minimum workload execution time. Unfortunately, the first two aspects sometimes could

be contradictory. For example, a machine that is most suitable for our workloads when

used individually may not collaborate well with other machines in the cluster. Thus, an

optimal solution must balance all three factors for the best performance.
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4.1.2 Contributions

For the problem we addressed in the previous chapter, we knew all the machines in a

cluster, and the goal was to minimize workload execution time. We did this by dealing

with the following two challenges: one is to identify the performance characteristics of

the machines, and the other is to assign proper amounts of data to them. For the two

problems we are going to solve in this chapter, we do not know which machines are going

to be used in the cluster. Our goal is to select the most suitable computing resources due

to budget constraints or time constraints. More specifically, in addition to the above two

challenges, we also need to either (i) select a set of computing resources that minimize

the total execution time given a budget, or (ii) select a set of computing resources that

minimize the cost given a performance target.

In this chapter, we tackle these challenges introduced by performance variability and

additional constraints when running parallel database systems on heterogeneous environ-

ments. Like our previous solution, we first quantify differences among machines and

formalize the constrained problems as optimization problems. We then formulate the

problems as different Mixed-Integer Programs (MIPs). We finally solve the programs

using different standard linear program solvers to obtain both the resource selection de-

cision (e.g., which machines to use) and the data allocation decision (e.g., the amounts

of data allocated to selected machines). We compare the performance differences of our

approaches and other alternatives with synthetic experiments that simulate different real

world scenarios. Our experiments suggest that a solution that combines both data allo-

cation and resource selection can yield significant performance improvement over other

alternatives.

The rest of this chapter is organized as follows. In the next section, we formalize the

resource bricolage problems with constraints and prove the NP-hardness of the problems.



96

Section 4.3 presents our solutions for solving the problems. Section 4.4 evaluates the

performance of different approaches. We conclude the chapter in Section 4.5.

4.2 The Constrained Bricolage Problems

4.2.1 Problem Definitions

The problem setting in this chapter is similar to the one in previous chapter (see Figure

3.4 for more details), and is summarized as below.

Machines: We have a set of n heterogeneous machines denoted asM1, M2, ..., Mn. A

machine Mi (1 ≤ i ≤ n) has a storage limit li, which represents the maximum percentage

of the entire data set that it can hold. In addition, each machineMi also has a price, which

we refer to as pricei.

Workload: We have a workload with a union of h steps: S1, S2, ..., Sh, and we use

tij to represent the execution time for step Sj running on machine Mi if all the data were

assigned to Mi.

Constraints: Our problems have either one of the following constraints: (i) the total

price of the machines that we select must be no more than a budget B, or (ii) we must

finish the workload within time T .

Differences: For the problem in previous chapter, the n machines are the machines

in a cluster, and there are no constraints on how we use them. The n machines here are

considered as candidates. Due to the additional constraints, we can only select a subset

from them to execute the workload.

These nmachines might belong to different classes with different prices. On the other

hand, it is also possible that they have identical prices but varying performance. For

instance, virtual machines of the same type provided by cloud service companies cost the
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same amount of money, but they may exhibit measurable different performance. We use

the same approach to solve both cases, when they have identical prices or different prices.

To simplify our discussion, we use the case where machines have the same prices as the

primary case through out the chapter. In the discussion, we will emphasize the differences

between these two cases, if any.

When machines have the same price, a fixed budget B can buy a fixed number of

machines from the candidate pool. We use b to denote the number of machines we can

afford with a budget B. In the first problem, our goal is the select b out of n (b ≤ n)

machines to achieve the best performance. We call it a minimum time resource selection

problem, and it is defined as follows.

Problem 1. Given a positive integer b, the minimum time resource selection problem

is to select a subset of at most b machines that minimize the total execution time of a

workload.

In the second problem, the goal is to process the workload within time T . As long

as we can meet the performance requirement, it is desirable for us to spend less money

to achieve this goal. In other words, we want to achieve the same performance with the

minimum number of machines. We call this a minimum cost resource selection problem,

which is defined as below.

Problem 2. Given a positive real number T , the minimum cost resource selection prob-

lem is to select the smallest number of machines that can finish the workload within time

T .

4.2.2 NP-hardness of the Problems

A straightforward solution for these two problems is to use a greedy algorithm, which

works in the following way. For each machine, we first obtain its total execution time
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to process all the steps of the workload. A machine with less processing time usually

indicates that it is more suitable for processing the workload. Thus, we can pick those

machines with the least execution time first.

Unfortunately, using the same example we presented in Figure 3.6, we can show that

the greedy algorithm may produce a solution that is much worse than the optimal solu-

tion. Here, we illustrate how this is possible. For the minimum time resource selection

problem, suppose that for the n machines, we want to select half of them to process the

workload. Since machines in the second half (Mn
2
+1,Mn

2
+2, ...,Mn) are considered “fast”

for processing the workload, the greedy algorithm will choose them as the solution. The

workload execution time for a cluster with these machines is (a − ε) + 2
n
ε. The optimal

solution is to choose the set of “slow” machines, and the workload execution time is only
2
n
(a+ ε) + ε, which is roughly 2

n
of the execution time of the greedy solution.

For the minimum cost resource selection problem, the greedy algorithm also prefers

relatively fast machines, hoping that they can finish early to meet a given performance

goal T . In the example presented in Figure 3.6, the greedy algorithm will prefer machines

from the “fast” half. For example, if we set T ≈ a+ε
2

, it will choose all the n
2

“fast”

machines first. At this point, the workload execution time for the n
2

“fast” machines is

(a − ε) + 2
n
ε, which is still worse than the performance goal. Thus, it needs to choose

two more “slow” machines, resulting in a total of n
2
+ 2 machines. However, for the

same example, the optimal solution is to use roughly two “slow” machines to achieve the

performance goal. Since these “fast” machines do not collaborate well in the same cluster

and the “slow” machines work better together as a set, the greedy algorithm ends up using

a lot more machines to meet the execution time requirement.

For the cases where machines have different prices, a greedy algorithm may select

machines with smaller time-to-cost ratios first. However, this subtle difference does not

change the fact that a greedy algorithm does not take into account collaboration between
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machines, and thus may select machines with poor performance when working as a set.

In the following, we prove the NP-hardness of both Problem 1 and Problem 2.

Theorem 1. Given a workload of h steps, both the minimum time resource selection and

the minimum cost resource selection problems are NP-hard when h > 1.

Proof. They are optimization problems, and their decision versions are the following: Is

there a set of b instances so that the execution time of the workload is within T ? To

prove this theorem, it suffices to show that the decision versions of our problems is NP-

complete, since an optimization problem is NP-hard if it has an NP-complete decision

version. We prove that the decision problem is NP-complete in three steps. We first show

that a Max-Intersection problem is NP-complete, and then we prove that it can be reduced

to a Min-Union problem (details will follow shortly). Finally, we reduce the Min-Union

problem to the decision versions of our problems.

Given a finite universe U = {e1, e2, ..., eh}, a set S of n sets u1, u2, ..., un whose union

is equals to U , and two integers k and s. The Max-Intersection problem is to determine

whether there exists ui1 , ui2 , ..., uik such that |
k⋂

j=1

uij | ≥ s. This problem is clearly in

NP, since given a k-subset of S, we can easily verify whether the cardinality of their

intersection is at least s. The remaining question is to prove the hardness. Consider the

following known NP-hard problem: given a bipartite graph, does there exist a complete

bipartite subgraph, with each partition of size k (which is called a k-balanced biclique)

[35]? We can reduce this known NP-hard problem to the Max-Intersection problem in the

following way. For each vertex in the left partition, we create a set ui, and the elements in

ui are the neighbors of this vertex in the bipartite graph. Let s = k. We claim that there

is a k-balanced biclique if and only if there exists k subsets with an intersection of size at

least k. As a result, the Max-Intersection problem is NP-complete.

The Min-Union problem is to determine whether there exists ui1 , ui2 , ..., uik such that
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|
k⋃

j=1

uij | ≤ s. Let uc denotes the complement of u in U . We have
k⋂

j=1

uij =
( k⋃
j=1

ucij
)c.

Therefore, if we know that |
k⋃

j=1

ucij | ≤ |U |− s, we also know that |
k⋂

j=1

uij | ≥ s. Thus, the

Min-Union problem is also NP-complete.

We can reduce the Min-Union problem to the decision versions of our problems. Con-

sider a set ui ∈ S as a machine Mi and an element ej ∈ U as a step in our problems. We

set tij to k if ui contains ej , and 0 otherwise. For each machine Ii, we set the maximum

percentage of data it can hold to 1
k
. Let b = k, and T = s. We claim that there exists a

k-subset of S whose union cardinality is less than or equals to s if and only if there is a set

of k machines such that the execution time of the workload is within s. This completes

the reduction.

The case where machines may have different prices is more general than the case

where they have identical price. If we can find an efficient algorithm to solve the general

case, we can use the same algorithm to solve the special case where machine prices are

the same. Since we have proved that the special case is NP-hard, the more general case

must be NP-hard as well. In the next section, we present our solution for solving these

two problems.

4.3 Solving the Problems

Like the problem in Chapter 3, we first need to estimate all tij values. We use the approach

presented in Section 3.3 to do the estimation. Once all the tij values are computed, we

have enough information to solve the problems. Next, we present our approaches, which

employ different solvers based on mixed-integer and constraint programming to search

for the optimal solution.
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4.3.1 Minimum Time Resource Selection

In this problem, we know that we can only afford to use b machines due to a budget

constraint, and the goal is to select a set of b machines to minimize workload execution

time. To solve this problem, in addition to the variables that we introduced in Section

3.4.2, we use one more binary variablemi to indicate whether machineMi will be selected

or not. We model the problem using mixed integer programming as follows.

minimize
h∑

j=1

xj

subject to pitij ≤ xj 1 ≤ i ≤ n, 1 ≤ j ≤ h

n∑
i=1

pi = 1

0 ≤ pi ≤ li 1 ≤ i ≤ n

mi ∈ {0, 1} 1 ≤ i ≤ n

mi ≥ pi 1 ≤ i ≤ n

n∑
i=1

mi ≤ b

The objective function we want to minimize is the total execution time of all steps.

The first three constraint functions are the same as those in Section 3.4.2. The variable

mi can take a value of either 0 or 1, where 1 indicates that machine Mi is selected, and

0 indicates that it is not. Since the total number of machines we want to select is at most

b, we have
∑n

i=1mi ≤ b. We also want to enforce that we will not allocate any data to

a machine that is not selected. In other words, when mi = 0 (1 ≤ i ≤ n), we must also

have pi = 0; and when mi = 1, pi can be greater than 0. We use the constraint function
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mi ≥ pi to enforce this requirement. Since mi can only take two values, when mi = 0,

mi ≥ pi implies that pi must be 0 as well. When mi = 1, pi can be any non-negative

value less than or equal to 1. A solution that satisfies all the constraint functions gives us

a set of b machines that minimize the execution time of our workload. The constraints

can be revised to deal with the case where machines have different prices (e.g., some are

low-end machines which cost less money). Assume that the budget we have is B, we can

replace
∑n

i=1mi = b with a new function
∑n

i=1mi ∗ pricei = B to deal with this case,

where pricei is the price for choosing machine Mi.

4.3.2 Minimum Cost Resource Selection

In this problem, we do not have a fixed budget that limits the number of machines that we

can use. The constraint we have is that we need to finish the workload within a desired

amount of time T . We formulate this problem as below.

minimize
n∑

i=1

mi

subject to pitij ≤ xj 1 ≤ i ≤ n, 1 ≤ j ≤ h

n∑
i=1

pi = 1

0 ≤ pi ≤ li 1 ≤ i ≤ n

mi ∈ {0, 1} 1 ≤ i ≤ n

mi ≥ pi 1 ≤ i ≤ n

h∑
j=1

xj ≤ T
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In the objective function, we minimize the total number of selected machines. The

first five constraint functions are the same as those in Section 4.3.1. Since we have a

performance target for the workload, the total execution time of all xjs should not exceed

the desired execution time. Thus, we have the additional constraint function
∑h

j=1 xj ≤

T . In the case where the machines have different prices, we can modify the objective

function to
∑n

i=1mi ∗ pricei to minimize the total cost of the selected machines.

Query execution time estimation is known to be a challenging problem, and previous

work has proved that it is impossible to provide execution time estimates with worst-

case guarantees due to cardinality estimation errors [15]. As a result, when meeting a

performance goal is critical, we use
∑h

j=1 xj ≤ T ∗ α instead of
∑h

j=1 xj ≤ T as a

constraint function, where 0 < α ≤ 1. When we are confident in the query execution

time estimation, we can choose an α that is close to 1, and we can use a smaller α when

we are not.

On the other side, clouds are typically elastic. They allow users to request resources

dynamically. In the future, we plan to study the problem of how to automatically expand

and shrink a cluster when our initial estimates are off or the server performance changes.

In any case, our technique proposed here can provide us with a reasonable set of resources

to start with.

4.4 Simulation Experiments

In this section, we construct a number of cases that simulate different real world scenarios

to evaluate the performance of various alternatives for solving the problems. We first

give a summary of the problem settings and the techniques that we evaluate, and then

we compare the performance of these techniques. Note that our simulation is by no

means a complete coverage of all possible scenarios in practice. The main purpose of
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the simulation experiments is to gain some insights into the performance differences of

alternative approaches.

4.4.1 Experimental Setup

We consider the following cases.

(1) With identical machines: This is the simplest and ideal setting where all ma-

chines are identical.

(2) With exceptional machines: In this case, most of the machines are identical.

But there are outliers that are much slower than the majority of machines. This case

corresponds to the real world scenario where all the machines are supposed to be the

same (i.e., with the same hardware and configurations), however, a small number of them

may exhibit poor performance due to a defect, such as a bad disk or a corrupted memory

card.

(3) With proportional machines: There are multiple types of machines in this case,

and for any two types of machines, they have the following property. Assume that for

one type of machine, its resources can be quantified as res1, res2, ..., resx, where x

is the number of different resource types. For the other type of machine, its amounts

of resources must be res1 ∗ γ, res2 ∗ γ, ..., resx ∗ γ, where γ is the ratio between the

capabilities of these two types of machines. This case may correspond to the scenario

where we have machines of multiple generations, and the newer generation machine is

more powerful than the order generation machine in every aspect with the same ratio.

(4) With arbitrary machines: Each machine can have arbitrary amounts of comput-

ing resources. It represents the most generalized case in practice.

In Section 4.1.1, we pointed out that we must consider three aspects simultaneously,

including capabilities of machines, collaboration between machines, and allocation of
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data, in order to provide a satisfactory solution for our resource selection problems. We

compare the performance of the following approaches, which take into account none,

some, or all of the three aspects, respectively.

Blind: Blind completely ignores differences among machines and randomly selects

a set of machines to process the workload. Data are partitioned uniformly across all the

selected machines. This approach disregards all three principles that we believe should

be considered.

Greedy with uniform data allocation: As we have discussed in Section 4.2.2, this

approach prefers powerful machines. Data are allocated to machines in a uniform fashion.

This approach respects the criteria that we should choose machines that can process the

workload fast. We refer to this approach as Greedy U.

Greedy with best data allocation: This approach greedily selects fast machines,

and then uses the technique we proposed in Chapter 3 to find the optimal data partitioning

scheme to allocate data. This approach selects individual powerful machines and allocates

the proper amount of data to them to minimize the workload execution time, but these

machines may not collaborate well in the cluster. We refer to this approach as Greedy B.

Optimal: This is the technique we presented in Section 4.3, and it provides the opti-

mal solution by taking into account all the three aspects.

Approaches Case (1) Case (2) Case (3) Case (4)
Blind

√
× × ×

Greedy U
√ √

× ×
Greedy B

√ √ √
×

Optimal
√ √ √ √

Table 4.1: Overall performance of different approaches.

For each case listed above, we compare the performance of these four approaches.

In Table 4.1, we summarize the overall performance of these approaches. We use
√

to
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indicate that the corresponding approach can find the optimal solution for a given case,

and we use × to show that it may not. In Case (1) where machines have no difference,

this is the simplest case, and even the simplest approach Blind is sufficient. In Case

(2) where there are a few slow machines (outliers), Blind has an equal probability of

selecting those outliers, which may result in system performance degradation. The greedy

algorithms, with or without a best data allocation scheme, can successfully exclude the

outliers, thus they can choose the right set of machines. In Case (3) where we have

a group of proportional machines, it is obvious that Blind may also select those slow

machines. Although the greedy algorithms can select the fastest machines, Greedy U

may overload the slow machines and at the same time underutilize the fast ones, and thus

it can not always provide the optimal solution. In Case (4) where machines have arbitrary

computing capabilities, Blind and Greedy U do not work well, and the reasons are similar

to those for Case (3). Greedy B could not provide the optimal solution either. The reasons

are presented in detail in Section 4.2.2.

Next, we conduct a set of experiments to validate our theory and to study of the

performance of different approaches in Cases (2), (3), and (4).

4.4.2 Experiments for Minimum Time Resource Selection

Results for Case (2): We simulate 100 machines with a small number of outliers in

our simulation experiment. Our workload consists of just one step, and the results are

similar for multi-step workloads. For simplicity, we assume that the normal machines can

process all data in 1 unit of time (e.g., 1 hour, 1 day, etc.), while the slow machines need

r units of time (r ≥ 1) to process the same data. Suppose that our budget can only afford

50 machines, and the goal is to select 50 out of 100 machines to minimize workload

execution time. We employ the four approaches to select machines. In Figure 4.1, we
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compare the workload execution times of Blind and Optimal. Note that the workload

processing times for the two greedy approaches are the same as Optimal, thus we omit

the results from the figure. We vary r from 1 to 8 to cover the most common range of

performance differences among machines, and we could have 1, 2, or 5 slow machines out

of 100. We use Blind1, Blind2, and Blind5 to represent the experiment results for these

cases, respectively. Since Blind randomly selects machines from the candidate set, its

performance varies with the selected machines. Therefore, we repeat the same experiment

for 100 times, and we take the average values as the results. We also include the workload

execution times for the worst-case scenario where the slow machines are always selected.
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0.10

0.05

0
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Ratio r

Workload execution time

Blind1
Blind2
Blind5
Worst

Optimal

Figure 4.1: Comparison of workload execution times for Case (2).

Since we select 50 machines for the workload, each machine gets 2% of the data. A

regular machine takes 0.02 unit of time to process the data, while a slow machine takes

0.02r unit of time. When the machines are identical (r = 1), the workload execution

times of all approaches are 0.02. When there are some slow machines in the candidate

set, Blind may end up selecting some of them. Even when there is only one such machine,

the performance of Blind1 is much worse than Optimal. The performance of Blind gets

worse when the number of slow machines increases. When there are 5 slow machines,

the performance of Blind5 is almost as bad as that of the worst-case scenario.
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Figure 4.2: Slow-down ratio for Case (2).

We then fix the number of slow machines to 2 to measure the performance of Blind

and Optimal. The number of machines to be selected are 20, 40, 60, or 80, per our

budget. Suppose that for an approach A, by using bmachines, it can process the workload

in time tA(b). We define the slow-down ratio of an approach A with respect to Optimal as

tA(b)/tOpt(b). We measure the slow-down ratios of Blind for different cases and show the

results in Figure 4.2. When more machines need to be selected, Blind has a higher chance

of getting a slow machine, and as a result, it performs worse. For most of the cases that

we tested, the slow-down ratios of Blind are greater than 2. In other words, the workload

execution times of Blind are more than twice as long as that of Optimal.

For Case (2), a “blind” approach may produce very bad solutions compared to Op-

timal, and a simple greedy heuristic is necessary, since it can eliminate bad choices to

provide a better solution.

Results for Case (3): We simulate 100 machines of 10 different types. Like Case (2),

the workload consists of just one step, and the results for multi-step workloads are similar.

We assume that the most powerful machine can process all data in 1 unit of time, and the

ith best machine can process the same data in 1 + (i−1)(r−1)
9

unit of time, where r (r ≥ 1)

is the ratio between execution times of the slowest and the fastest machines for processing
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the same amount of data. We want to select 50 out of the 100 machines to process the

workload. Figure 4.3 compares the workload processing times of Blind, Greedy U, and

Optimal. As mentioned earlier, we measure the average workload processing time for

Blind. Note that the performance of Greedy B is the same as Optimal, therefore it is not

presented here.
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Figure 4.3: Comparison of workload execution times for Case (3).

Recall that a slow machine takes 0.02r unit of time to process the data, the processing

time of a step is determined by a slowest machine. Since Blind has a high probability of

getting at least one slow machine, its workload processing time increases linearly with

the value of r. Greedy U can dramatically speed up the processing by excluding slow

machines. The optimal approach chooses the same set of machines, but it uses the tech-

nique in Chapter 3 to allocate data. Thus, it can further reduce workload execution time

by another 30% in our simulation.

Next, we further investigate the performance of Greedy U by varying the number of

selected machines. In Figure 4.4, we show the slow-down ratios of Greedy U when 20,

40, 60, or 80 machines are selected. As we can see, when a higher percentage of the

computing resources are chosen, the performance of Greedy U gets worse. The reason is
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Figure 4.4: Slow-down ratio for Case (3).

that when more machines need to be included, machines with worse performance will be

added. Since Greedy U allocates data in a uniform fashion, slow machines will severely

degrade performance.

For Case (3), a greedy heuristic can pick the same set of machines as the Optimal

approach and thus greatly decrease data processing time. However, since it may overload

slow machines, its performance may still be worse than Optimal. We also need to employ

a good data allocation scheme for better performance.

Results for Case (4): We simulate 100 machines, and the workload consists of 100

steps. We noticed that when there is more than one step in the workload, the experiment

results look quite similar. For Case (4), we do not make any assumption about how

long it takes for a machine to process the data. For each machine, we randomly pick a

processing speed SpeedRes from [Speedlow, Speedhigh] for each type of resource Res in

{CPU, I/O, Network}. In our simulation experiment, Speedhigh is set to be 8 times as fast

as Speedlow. For each step, we randomly pick a cost CostRes from [Costlow, Costhigh]

for each type of resource Res in {CPU, I/O, Network}. Costhigh is set to be 8 times as

large as Costlow as well. Then the processing time of a step running on a machine is the

maximum of CRes/SpeedRes, for any Res in {CPU, I/O, Network}. The absolute values
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of Speedlow and Costlow do not make much difference to the results.

In the simulation experiment, we generate 100 machines and 100 steps using the ap-

proach described above. We then pick 50 out of 100 machines using the four different

approaches, and we calculate the slow-down ratios of Blind, Greedy U, and Greedy B.

The same procedure is repeated 100 times, and we measure the average slow-down ratios

for each approach. The results are shown in Figure 4.5.
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Figure 4.5: Slow-down ratio for Case (4).

The performance of Blind and Greedy U is worse than Optimal as expected. Some-

what surprisingly, Greedy B is almost as good as Optimal, with an average slow-down

ratio less than 1.02. After further investigation, we found that for Greedy B to have bad

performance, the set of n machines must have the following three properties: (i) it has a

subset of “incompatible” machines (e.g., a set that contains machines with very powerful

CPUs but very limited other resources and machines with very fast disks but very limited

other resources), (ii) it has a subset of “compatible” machines, and (iii) a machine in

the “incompatible” subset is faster than a machine in the “compatible” subset when they

are used individually. When all the three conditions are satisfied, Greedy B will perform

much worse than Optimal. However, the 100 machines that we generate randomly seldom

simultaneously fulfill all three conditions. As a result, the performance of Greedy B is
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usually very good.
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Figure 4.6: Slow-down ratio of Greedy B for Case (4).

In Figure 4.6, we demonstrate cases where Greedy B has a slow-down ratio greater

than 1.02 (note that for each value of r, we repeat the experiment 100 times). As we can

see, although Greedy B usually perform well in our simulation experiment, its slow-down

ratios can get very high for some cases. There is no guarantee of its performance.

4.4.3 Experiments for Minimum Cost Resource Selection

The machines and workloads we employ here for the experiments are the same as those

we use in Section 4.4.2 for corresponding cases. The goal is to select a subset of machines

with minimum cost to process the workload within a given time T . When setting up the

experiments, we want to choose a reasonable value for T to make sure that the targeted

time is achievable.

Results for Case (2): The performance goal T is set to 0.03, so roughly 30% of

the machines are needed for Optimal to achieve this goal. Blind works in the following

way when selecting the computing resources. It starts with an empty set and repeatedly

chooses a random new machine to add to the set. This process stops when it runs out of

machines or when it achieves the performance goal T . However, in this case, we assume
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that when Blind uses up all the original 100 machines, it can continue to add an unlimited

amount of fast machines to achieve the goal. We repeat the experiment 100 times to

measure the average number of machines it needs to achieve the goal. In Figure 4.7, we

compare the (average) number of machines it needs to achieve the same goal T = 0.03

for Blind and Optimal. We can see that Optimal always uses 34 machines. As the number

of slow machines increases, on average, Blind needs more machines to achieve the goal.

Thus, the performance gap between Blind and Optimal increases.

300

200

100

0

8642

Ratio r

# of machines needed

Blind1
Blind2
Blind5
Worst

Optimal

Figure 4.7: Comparison of number of machines needed for Case (2).

We then fix the number of slow machines to two while varying T from 0.02 to 0.08 to

evaluate the performance of Blind and Optimal. An optimal approach produces a solution

with minimum number of machines (minimum cost), and any additional machines used

by a non-optimal approach can be considered as a waste. Suppose that the number of ma-

chines needed by an approachA to achieve a performance goal T isNumA(T ). We define

the waste ratio of an approach A with respect to Optimal as NumA(T )/NumOpt(T ). We

calculate the waste ratio of Blind and present the results in Figure 4.8. Note that the num-

bers are averaged from 100 repeated experiments. From the graph, we can see that when

we have a higher targeted performance (T is smaller), Blind will waste more machines

and have a higher waste ratio.
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Figure 4.8: Waste ratio for Case (2).

Results for Case (3): We set the performance goal T to 0.03, and we compared the

number of machines needed by different approaches to achieve this goal. The results

are illustrated in Figure 4.9. The results for Greedy B are not included, since they are

the same as that of Optimal. For all r that we considered, Optimal needs less than 40

machines to meet the performance goal. Blind and Greedy U usually need much more

machines for the same goal. When r equals 6, 7, or 8, Greedy U can not achieve the

performance goal even if it uses all the 100 machines. When r is greater than two, it is

impossible for Blind to achieve this goal either. For these cases, we plot their data points

with the value of 101 in Figure 4.9 to indicate the target performance is unachievable for

the corresponding approaches.

More results for Greedy U are shown in Figure 4.10, where we vary T from 0.02

to 0.08. We omit the results when the performance goal can not be achieved from the

graph. As we mentioned before, Greedy U can not meet the goal when T equals 0.03

and r equals 6, 7, or 8. When T gets smaller (e.g., T = 0.02), Greedy U requires more

machines, and it is harder to meet the goal.

Results for Case (4): Since the machines and workloads are randomly generated

using the strategy described in Section 4.4.2, the achievable performance goal varies with
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Figure 4.9: Comparison of number of machines needed for Case (3).
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Figure 4.10: Waste ratio for Case (3).

the machines and workloads generated. In light of this, when a set of machines and a

workload are generated, we run our program for the minimum time resource selection

problem with the value of b set to 33. Based on the outputs of the program, we obtain

the minimum workload processing time when no more than 33 machines are used. This

minimum time achievable with 33 machines is used as the targeted time, and we evaluate

the performance of Blind and the greedy algorithms. In this case, Optimal will always

use 33 machines, and we calculate the waste ratios for Blind and the greedy algorithms.

The results are shown in Figure 4.11. Note that the numbers we show here are averaged

from 100 times of repeated experiments.
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Figure 4.11: Waste ratio for Case (4).

As we can see, the performance of Blind is the worst. The greedy approach with

uniform data allocation is much better than Blind, but is worse than Optimal. The greedy

approach with best data allocation is usually as good as Optimal, and this matches our

analysis in Figure 4.6.

4.5 Summary

In this chapter, we discussed two problems of resource bricolage with constraints: one

with budget constraints and the other with time constraints. We deployed mixed integer

programming techniques to solve these two problems. In our experiments, we show that

completely ignoring performance differences of the candidate machines can result in poor

performance. The combination of greedy resource selection and heterogeneity-aware data

allocation techniques can generally provide satisfactory performance, however there is

no guarantee of its performance in some cases. Our proposed models provide the best

performance among these alternatives, at a price of complexity.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

This dissertation makes three contributions to query performance prediction and system

performance improvement for database management systems.

For query performance prediction, we conducted experiments to evaluate two state-

of-the-art progress indicators, and we found that they could provide inaccurate progress

estimates. Most of these errors are due to a simplified uniform future speed assumption

that they make. We proposed a new progress indicator, GSLPI, to provide more accurate

query progress estimates.

In the second part of the thesis, our goal is to improve parallel database performance

on heterogeneous hardware. To achieve the goal, we proposed a resource bricolage tech-

nique to come up with the proper amounts of data that should be allocated to the machines.

To accomplish this, we first leveraged the techniques proposed in the previous part to es-

timate query execution times on different machines. We then took the time estimates as

input and solved the problem with linear optimization techniques.
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In the third part of the thesis, we studied two resource bricolage problems with ad-

ditional constraints. One problem is to minimize workload execution time given a fixed

amount of budget, and the other one is to minimize the cost given a target execution time.

We solved both problems using mixed integer programming techniques.

5.2 Future Work

There are a number of interesting directions for further research following this work. In

this section, we outline two such directions.

5.2.1 Progress Indicators on Steroids

To date, all of the prior work has primarily focused on making progress estimates as close

to the actual running time as possible. The estimates are mainly used as feedback to

users. However, there are a number of interesting questions that we want to ask. Does it

always worth pushing hard to improve the accuracy? For some tasks, the current progress

indicators may have already provided enough useful information. What other information

can we infer from the progress estimates? Is it possible that we can make better use of

this information? Now, let us take a step back to think about the following two motivating

examples.

A simple progress score. Take, for instance, the progress indicator shipped with

the Pig system [54] running map-reduce jobs. It monitors a task’s progress using a score

between 0 and 1. To compute this score, the 7 phases of a map-reduce job are divided into

4 pipelines: {Record reader, Map, Combine}, {Copy}, {Sort}, and {Reduce}. Among

them, one is for the map task, and the other three is for reduce task. For a map task, since

it only contains 1 pipeline, its score is defined as the percentage of bytes read from the
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input data. For a reduce task, since it consists of 3 pipelines, each of these phases accounts

for 1/3 of the score. In each pipeline, the score is the fraction of the data that has been

processed. The overall score of a map-reduce job is computed as the average of the scores

of these pipelines. The progress of a Pig Latin query is then the average score of all jobs in

the query. As mentioned by other researchers [51], the progress score provided by the Pig

system is not accurate. It assumes that all pipelines in the same query contribute equally to

the overall score (e.g., it is assumed that all pipelines perform the same amount of work or

take the same amount of time to process), which is rarely the case in practice. Despite the

fact that the estimate is not perfect, this simple progress score has been used by Hadoop

to select stragglers (i.e., tasks making slow progress compared to others) and to schedule

speculative executions of these stragglers on other machines, with the hope of finishing

the computation faster. Google has noted that speculative execution can improve a job’s

response time by 44% [20]. Follow-up work proposed a new scheduler, LATE, which

further improved Hadoop response times by a factor of 2 by using a variation of this score

[69].

A state-of-the-art progress indicator. Later, ParaTimer [50] was proposed for Pig

Latin queries to provide more accurate time-oriented progress estimates. These progress

estimates can be used to handle stragglers in a different way. When data skew happens

(e.g., some tasks need to process more data than others), tasks with too much input data

will be considered as stragglers. Because these tasks run more slowly due to their input

data and not the machine where they have been scheduled, speculative executions of these

tasks on other machines will not reduce their execution times. An alternative approach

is needed. SkewTune [38] handles this problem by utilizing ParaTimer. When a slot

becomes available and there are no pending tasks, the task with the longest expected re-

maining time (determined by ParaTimer) is selected as a straggler. The unprocessed input

data of this task is repartitioned, and then they are added to existing partitions to form
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new partitions, such that all new partitions complete at the same time. This detection-

repartition cycle is repeated until all tasks complete. Their experimental results show that

using this technique can significantly reduced job response time in the presence of skew.

For the first example with the simple progress score, although the score is only a rough

approximation of the actual query execution time, the information it provides is sufficient

for identifying stragglers. Thus, it is helpful for scheduling speculative executions. For

the second example, identifying a straggler is not sufficient. To make all new partitions

complete at the same time, SkewTune must also know the execution time more precisely.

In both cases, rather than using the progress estimates as user feedback, they are used by

the system to identify the bottlenecks (e.g., the longest running tasks) and help reduce

the response time. Inspired by these examples, it seems that it may not always worth

pushing hard on improving estimation accuracy. For some tasks, the current progress

indicators are good enough to be useful. Thus, we think the following directions represent

tremendous opportunities for future research.

First, we can change the “lens” through which we view the progress indicator tech-

nology in the future. When evaluating progress indicator technology, it would be better

to focus on the following questions: (1) Is the progress indicator good enough, so that it

is more helpful than not for specific tasks? By analogy, query optimizer cost estimates

do not have to be perfect to be useful. Similarly, progress indicator estimates do not

have to be perfect to be useful for, say, scheduling. (2) Is the progress indicator accurate

when nothing in its current universe of knowledge changes? Specifically, it would be silly

to start a progress indicator, then add 100 “monster” queries, and say “wow, that initial

prediction was really terrible!” As we mentioned before, when it comes to big data pro-

cessing systems, future states are harder to predict. As “monster” queries start running on

a system, as skew and failures happen, some tasks will slow down and become stragglers.

Predicting the stragglers ahead of time may become too overwhelming for progress in-
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dicators. Instead, we should ask, how good is a progress indicator given the information

available at the time? (3) Finally, does the progress indicator react to changes quickly?

When the situation does change, how long does it take a progress indicator to get to a good

prediction given the new information? A progress indicator that takes forever to adjust,

but is very accurate when it does, may be less useful than one that adjusts immediately but

is somewhat inaccurate. For the two examples we discussed, the sooner we can identify

the stragglers, the sooner we can schedule speculative executions and repartitions.

Second, we can expand the kind of information progress indicators can provide by

expanding their sources of inputs. So far, progress indicators are mainly used to predict

the percent finished or the remaining execution time of a task. This is also the most ob-

vious and direct usage of progress indicators. We believe that there is much more useful

information we can derive from the progress indicator technology. For example, ranking

a set of tasks by their completion percentage will reveal which ones are stragglers that

may need more attention. Furthermore, we can have a deeper analysis of the collected

statistics for these stragglers to automatically detect their causes. In addition, the average

progress made by tasks running on a specific machine will indicate whether the machine

is healthy, so that more tasks or speculative executions of stragglers can be assigned to

these machines to make better progress. When a task finishes, its resources are released.

Knowing the remaining execution time of the running tasks and the resources reserved for

them will give us an idea about resource availability in the future. An intriguing possibil-

ity that has not yet been explored to date is the use of changes in estimates over time as a

first-class object for analysis (rather than the estimates themselves). For example, while

Query 1 is running, Query 2 is started; the difference in the estimates for Query 1’s run-

ning time before and after Query 2 was started may give useful, actionable information

even when both estimates are inaccurate in the absolute sense.

To sum up, we think that, in the future, we can change how we view and evaluate
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progress indicator technology, and the technology itself can be expanded in many different

dimensions. The technology can expand the class of computations it can service, expand

the kinds of predictions it can make, broaden the sources of inputs it monitor, and improve

the accuracy of its predictions. We term such a greatly expanded progress indicator a

“progress indicator on steroids”, which we think is a very interesting topic for future

work.

5.2.2 Improving MapReduce Performance in Heterogeneous Clus-

ters

One focus of this thesis has been on improving database performance in heterogeneous

clusters. Another possible direction to work on is to improve MapReduce performance

running on heterogeneous hardware. MapReduce is an important programming model

for processing large-scale applications. Previous research has shown that the disparity

in MapReduce performance between homogeneous and heterogeneous clusters could be

very high [12, 29].

Recently, an increasing number of algorithms and optimizations have been proposed

to make MapReduce perform well on clusters with heterogeneous properties [69, 66, 12,

29]. The work in [69] proposed a scheduling algorithm, which uses estimated execution

times to speculatively execute the tasks that hurt the response time the most. The work

in [66] pointed out that ignoring data locality in heterogeneous environments may lead

to remote tasks, which move data from the machines where they sit on to the machines

where they are processed. These remote tasks can noticeably degrade the MapReduce

performance by increasing network traffic significantly. The paper addressed the problem

by placing data across machines in a way that each machine has a balanced data pro-

cessing load. The underlying idea is similar to ours where high-performance machines
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are expected to store and process more data. Later, the authors in [29] used 11 different

benchmarks to test MapReduce performance on different clusters. They found that on

a heterogeneous cluster of 10 Xeon-based servers and 80 Atom-based servers, Hadoop

performs 20-75% worse than 10-node Xeon-only or 80-node Atom-only homogeneous

sub-clusters for 6 out of 11 benchmarks. The performance degradation is mostly caused

by remote tasks as well. A suite of optimizations called Tarazu are proposed by the

authors to boost MapReduce performance. The follow-up work [29] developed a load

rebalancing scheme to significantly improve Tarazu’s performance over Hadoop.
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A good scheme
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Figure 5.1: Strategies for improving MapReduce performance.

We observe that a lot of the previous work improves MapReduce performance by

dealing with remote tasks using different strategies. Motivated by the previous work,

we come up with two additional strategies that can further improve the performance by

reducing the number of remote tasks. We will use the examples shown in Figure 5.1

to illustrate our idea. In our running example, we have four machines in the cluster,
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where two of them are more powerful than the other two. We use a, b, ..., f to represent

the data chunks that are allocated to the machines, and we use a′, b′, ..., f ′ to represent

the replicated copies of the data chunks, respectively. In Figure 5.1(a), we show two

possible data allocation schemes, and we believe that the second allocation scheme is

better since it can potentially reduce the number of remote tasks. For the first scheme,

the low-performance machines get data a, b, and c (a′, b′, and c′ are duplicates), and the

high-performance machines get data d, e, and f . While for the second scheme, the low-

performance machines get data a, b, c, d, e, and f , and the high-performance machines

also get data a, b, c, d, e, and f . Since the high-performance machines may be able to

process data faster than the low-performance machines, when they are running out of data,

they need to “borrow” data from the low-performance machines to continue working.

When we allocate data using the second scheme, the high-performance machines get

more distinct data chunks of their own. As a result, they need to borrow less data from

others. In Figure 5.1(b), we are trying to show that a better scheduling may reduce remote

tasks as well. Suppose that the low-performance machines have data a, b, c, d, e, f , 1 and

2, and the high-performance machines have data a, b, c, d, e, f , 3 and 4. For different

types of machines, we think that a good strategy is to process data in their disjoint sets

first. Since for the data that are commonly owned by different types of machines, they

can be processed by any of them without data movement. Thus, we can reduce possible

remote accesses.

MapReduce is a widely adopted framework for the distributed processing of large data

sets, and our motivating examples seem very promising. Thus we think this could be an

interesting direction for future work.
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