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ABSTRACT

In many data intensive workloads, I/O is a key bottleneck. In a storage hierarchy in a canonical

database system, non-volatile storage devices (e.g., hard disk drives and flash solid state drives)

are used as permanent data storage subsystems, whereas volatile storage devices (e.g., DRAM and

CPU registers) are used to stage data from the non-volatile storage for processing by the CPU.

Under this hardware architecture, non-volatile storage is connected to the rest of the system via

common host I/O interfaces, such as SAS, SATA, and PCIe. Data movement cost through these

I/O interfaces has become the largest performance bottleneck for many data intensive workloads.

Therefore, in this thesis we explore alternative solutions to achieve high performance data process-

ing by reducing the (expensive) data movement cost across the I/O interfaces.

In the first and second parts of this thesis, we propose a “code push down” technology to reduce

the data movement cost from flash solid state drives (SSDs) to DRAM. We use the computation

capability of the SSD device to push down selected database operations into the SSD devices,

thereby dramatically reducing the actual data movement cost through host I/O interfaces.

Another alternative solution that we propose in the third part of this thesis is to preload neces-

sary data (i.e., hot data) from disks to DRAM before the user query actually requests the data. In

this part of thesis, we focus on how to load hot data efficiently at system restart, which could save

the data movement cost at query time.

Collectively this thesis discusses some opportunities for using SSDs in data processing plat-

forms, and develops insights about the current limitations and potential future opportunities for



xi

using the computational processing power inside SSDs to alleviate the I/O bottleneck in data in-

tensive workloads.
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Chapter 1

Introduction

In many database system settings, I/O is a bottleneck when running data intensive workloads.

Figure 1.1 shows the volatile and non-volatile storage hierarchy in a canonical database system.

Non-volatile storage devices (e.g., hard disk drives and flash solid state drives) are used as perma-

nent data storage subsystems, whereas volatile storage devices (e.g., DRAM and CPU registers)

are used to stage data from the non-volatile storage for processing by the CPU. The CPU typically

pulls data from DRAM to CPU registers through various levels of processor caches (e.g., L1, L2,

and L3 caches). Under this hardware architecture, non-volatile storage is connected to the rest of

the system via common host I/O interfaces, such as SAS, SATA, and PCIe. Data movement cost

through these I/O interfaces has become the largest performance bottleneck for many data intensive

workloads. Therefore, in this thesis, we explore alternative solutions to achieve high performance

data processing by reducing the (expensive) data movement cost across the I/O interfaces.

The first solution that we propose is a “code push down” technology to reduce the data move-

ment from flash solid state drives (SSDs) to DRAM. Modern SSDs often have embedded com-

puting capabilities. As described in Figure 1.2, we use this computation capability to push down

selected database operations into the SSD. As a result, the actual data movement cost through the

I/O interfaces can be significantly reduced in some cases. In Chapters 2 and 3, we study how

to realize this code push down paradigm with current SSD devices for data applications running

in both relational (SQL Server) and non-relational (Hadoop) data processing systems. Using that

study, we explore the potentials and challenges in using embedded computing in SSDs for data

processing workloads.
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Figure 1.1: Data storage hierarchy in a database system.

Another alternative solution that we propose is to preload necessary data (i.e., hot data) from

disks to DRAM (see Figure 1.3) before the user query actually requests the data. In this part of

the thesis, we focus on how to load hot data efficiently at system restart, which could save the

data movement cost at query time. In Chapter 4, we present a new framework for SQL Server that

allows continual capturing of the state of the buffer pool, and restoring the server state quickly with

a snapshot of the buffer pool at restart.

Collectively, the key goal of this dissertation is to explore methods to reduce data movement

across the I/O subsystem by exploiting the computational resources that are embedded in SSDs,

or by deploying methods that stage data into the DRAM right after system restart as the system

restart typically wipes out data in the DRAM. The key component of this thesis consists of three

parts that are described below.
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Figure 1.2: First solution: saving data movement cost from a flash SSD to DRAM by pusing down

computations into a flash SSD.

1.1 Potentials and Challenges for In-storage Computing in a Relational Database
Management System

Modern SSDs pack CPU processing and DRAM storage components inside the SSD to carry

out routine functions (such as managing the FTL logic) for the SSD. Thus, there is a small pro-

grammable computer inside a SSD device, presenting an interesting opportunity to move computa-

tion closer to the storage. The focus of Chapter 2 is on exploring how analytical relational database

workloads can exploit this in-storage computing device (a.k.a, “Smart SSDs”). This work [27, 44]

shows that there some exciting opportunities for improved performance when highly-selective

predicates can be pushed down into the Smart SSD.

1.2 Extending In-storage Computing for a Non-relational Data Processing Sys-
tem and Its Future Roadmap for Data Processing

Based on the potential performance improvements and energy gains that are achieved using

the Smart SSD for relational query operations (i.e., scan, aggregate, and join), this second part of

the thesis explores the opportunities and limitations for in-storage computing in a non-relational
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Figure 1.3: Second solution: saving data movement cost from permanent storage devices to DRAM

by loading hot pages on restart.

database system (i.e., Hadoop) with unstructured data. In this chapter we also present a simple

analytical model to evaluate the experimental results, and propose a roadmap to better guide hard-

ware/software design choices for future Smart SSDs when used in data processing applications.

This work is described in Chapter 3.

1.3 Aggressive Buffer Pool Warm-up after Restart in SQL Server

In many settings, a database server has to be restarted either in response to a failure event, or in

response to an operational decision such as moving a database service from one machine to another.

However, such restarts pose a potential performance problem as the new database server starts off

with a cold buffer pool. As a result, the database application experiences a dramatic reduction in

performance right after the restart, since just before the restart the database buffer pool was filled

with hot pages and after the restart the database buffer pool is empty. In Chapter 4, we present a

new framework for SQL Server that allows continual capturing of the state of the buffer pool, and

restoring the server state quickly with a snapshot of the buffer pool at restart. Our results using
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SQL Server show that our framework reduces the ramp-up time by up to 2-3X compared to the

previous approaches in SQL Server and MySQL [43].

1.4 Outline

The remainder of this dissertation is organized as follows: Chapter 2 presents the potential

performance improvements and energy gains from using Smart SSDs in a single node database

management system (DBMS) with selected database operations such as scan, aggregation, and

join. Chapter 3 continues the work to use a cluster of Smart SSDs with Hadoop MapReduce

framework on unstructured data. We also propose a set of hardware/software roadmap to realize

the full vision of Smart SSDs for data processing. Chapter 4 describes a set of mechanisms to

reduce the ramp-up time by warming up the buffer pool aggressively on restart. Chapter 5 contains

our conclusions.
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Chapter 2

Potentials and Challenges for In-storage Computing in a Rela-
tional Database Management System

Data storage devices are getting “smarter.” Smart Flash storage devices (a.k.a. “Smart SSDs”)

are on the horizon and will package CPU processing and DRAM storage inside a Smart SSD,

and make that available to run user programs inside a Smart SSD. The focus of this chapter is on

exploring the opportunities and challenges associated with exploiting this functionality of Smart

SSDs for relational analytic query processing. We have implemented a prototype of Microsoft SQL

Server running on a Samsung Smart SSD. Our results demonstrate that significant performance and

energy gains can be achieved by pushing selected query processing components inside the Smart

SSDs. We also identify various changes that SSD device manufacturers can make to increase the

benefits of using Smart SSDs for data processing applications, and also suggest possible research

opportunities for the database community.

2.1 Introduction

It has generally been recognized that for data intensive applications, moving code to data is

far more efficient than moving data to code. Thus, data processing systems try to push code as

far below in the query processing pipeline as possible by using techniques such as early selec-

tion pushdown and early (pre-)aggregation, and parallel/distributed data processing systems run as

much of the query close to the node that holds the data.

Traditionally these “code pushdown” techniques have been implemented in systems with rigid

hardware boundaries that have largely stayed static since the start of the computing era. Data is
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pulled from an underlying I/O subsystem into the main memory, and query processing code is

run in the CPUs (which pulls data from the main memory through various levels of processor

caches). Various areas of computer science have focused on making this data flow efficient using

techniques such as prefetching, prioritizing sequential access (for both fetching data to the main

memory, and/or to the processor caches), and pipelined query execution.

However, the boundary between persistent storage, volatile storage, and processing is increas-

ingly getting blurrier. For example, mobile devices today integrate many of these features into a

single chip (the system-on-a-chip trend). We are now on the cusp of this hardware trend sweeping

over into the server world. The focus of this project is the integration of processing power and

non-volatile storage in a new class of storage products known as Smart SSDs. Smart SSDs are

flash storage devices (like regular SSDs), but ones that incorporate memory and computing inside

the SSD device. While SSD devices have always contained these resources for managing the de-

vice for many years (e.g., for running the FTL logic), with Smart SSDs some of the computing

resources inside the SSD could be made available to run general user-defined programs.

The focus of this chapter is to explore the opportunities and challenges associated with running

selected database operations inside a Smart SSD. The potential opportunities here are threefold.

Figure 2.1: Bandwidth trends for the host I/O interface (i.e., SAS/SATA standards), and aggregate

internal bandwidth available in high-end enterprise Samsung SSDs. Numbers here are relative

to the I/O interface speed in 2007 (375 MB/s). Data beyond 2012 are internal projections by

Samsung.
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First, SSDs generally have a far larger aggregate internal bandwidth than the bandwidth sup-

ported by common host I/O interfaces (typically SAS or SATA). Today, the internal aggregate I/O

bandwidth of high-end Samsung SSDs is about 5X that of the fastest SAS or SATA interface, and

this gap is likely to grow to more than 10X (see Figure 2.1) in the near future. Thus, pushing

operations, especially highly selective ones that return few result rows, could allow the query to

run at the speed at which data is getting pulled from the internal (NAND) flash chips. We note

that similar techniques have been used in IBM Netezza and Oracle Exadata appliances, but these

approaches use additional or specialized hardware that is added right into or next to the I/O sub-

system (FPGA for Netezza [31], and Intel Xeon processors in Exadata [19]). In contrast, Smart

SSDs have this processing in-built into the I/O device itself, essentially providing the opportunity

to “commoditize” a new style of data processing where operations are opportunistically pushed

down into the I/O layer using commodity Smart SSDs.

Second, offloading work to the Smart SSDs may change the way in which we build balanced

database servers and database appliances. If some of computation is done inside the Smart SSD,

then one can reduce the processing power that is needed in the host machine, or increase the

effective computing power of the servers or appliances. Smart SSDs use simpler processors, like

ARM, that are generally cheaper (from the $/MHz perspective) than the traditional processors that

are used in servers. Thus, database servers and appliances that use Smart SSDs could be more

efficient from the overall price/performance perspective.

Finally, pushing processing into the Smart SSDs can reduce the energy consumption of the

overall database server/appliance. The energy efficiency of query processing can be improved

by reducing its running time and/or by running processing on the low power processors that are

typically packaged inside the Smart SSDs. Lower energy consumption is not only environmen-

tally friendly, but often leads to a reduction in the total cost of operating the database system. In

addition, with the trend towards database appliances, energy starts becoming an important deploy-

ment consideration when the database appliances are installed in private clouds on premises where

getting additional (many kilowatts of) power is challenging.
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To explore and quantify these potential advantages of using Smart SSDs for DBMSs, we have

started an exploratory project to extend Microsoft SQL Server to offload database operations onto

a Samsung Smart SSD. We wrote simple selection and aggregation operators that are compiled into

the firmware of the SSD. We also extended the execution framework of SQL Server to develop a

simple (but with limited functionality) working prototype in which we could run simple selection

and aggregation queries end-to-end.

Our results show that for this class of queries, we observed up to 2.7X improvement in end-

to-end performance compared to using the same SSDs but without the “Smart” functionality, and

up to a 3.0X reduction in energy consumption. These early results, admittedly on queries using

a limited subset of SQL, demonstrate that there are potential opportunities for using Smart SSDs

even in mature commercial and well-optimized relational DBMSs.

Our results also point out that there are a number of challenges, and hence research opportuni-

ties, in this new area of running data processing programs inside the Smart SSDs.

First, the processing capabilities available inside the Smart SSD that we used are very limited

by design. It is clear from our results that adding more computing power into the Smart SSD

(and making it available for query processing) could further increase both performance and energy

savings. However, the SSD manufacturers will need to determine if it is economical and technically

feasible to add more processing power — issues such as the additional cost per device and changes

in the device energy profile must be considered. In a sense, this is a chicken-and-egg problem

since the SSD manufacturers will add more processing power only if more software makes use of

an SSD’s “smart” features while the software vendors need to become confident in the potential

benefits before investing the necessary engineering resources. We hope that our work provides a

starting point for such deliberations.

Second, the firmware development process we followed to run user code in the Smart SSDs is

rudimentary. This can be a potential challenge for general application developers. Before Smart

SSDs can be broadly adopted, the existing development and debugging tools and runtime system

(Section 2.3) need to be much more user-friendly. Further, the ecosystem around the Smart SSDs

including communication protocols and the programming, runtime, and usage models need to be
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investigated in-depth. Finally, the query execution engine and query optimizer of the DBMS must

be extended to determine when to push an operation to the SSD. Implications of running operations

in the Smart SSDs also extend out to query optimization, DBMS buffer pool caching policies,

transaction processing, and may require re-examining how aspects such as database compression

are used. In other words, the DBMS internals have to be modified to make use of Smart SSDs in a

production setting.

The remainder of this chapter is organized as follows: The architecture of a modern SSD is

presented in Section 2.2. In Section 2.3 we describe how Smart SSDs work. Experimental results

are presented in Section 2.4. Related work is discussed in Section 2.5. Finally, Section 2.6 contains

our concluding remarks and points to some directions for future work.
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2.2 Background: SSD Architecture

Figure 2.2: Internal architecture of a modern SSD.

Figure 2.2 illustrates the general internal architecture of a modern SSD. There are three major

components: SSD controller, flash memory array, and DRAM.

The SSD controller has four key subcomponents: host interface controller, embedded proces-

sors, DRAM controller, and flash memory controllers. The host interface controller implements

a bus interface protocol such as SATA, SAS, or PCI Express (PCIe). The embedded processors

are used to execute the SSD firmware code that runs the host interface protocol, and also runs

the Flash Translation Layer (FTL), which maps Logical Block Address (LBA) in the host OS to

the Physical Block Address (PBA) in the flash memory. There are two types of volatile memory,

namely Tightly-Coupled Memory (TCM) and Dynamic Random-Access Memory (DRAM). The

processing CPU is often an ARM processor with multiple cores. Each ARM core has its own

dedicated TCM while the DRAM is shared by multiple cores. Access to the TCM has a far lower

access latency (by a factor of 10) than the DRAM, while the size of the TCM is much smaller than

the size of DRAM (by a factor of 10,000).

The flash memory controller is in charge of data transfer between the flash memory and DRAM.

Its key functions include running the Error Correction Code (ECC) logic, and the Direct Memory

Access (DMA). To obtain higher I/O performance from the flash memory array, the flash controller
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uses chip-level and channel-level interleaving techniques. All the flash channels share access to

the DRAM. Hence, data transfers from the flash channels to the DRAM (via DMA) are serialized.

The NAND flash memory array is the persistent storage medium. Each flash chip has multiple

blocks, each of which holds multiple pages. The unit of erasure is a block, while the read and write

operations in the firmware are done at the granularity of pages.
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2.3 Smart SSDs for Query Processing

The Smart SSD runtime framework (shown in Figure 2.3) implements the core of the software

ecosystem that is needed to run user-defined programs in the Smart SSDs.

Figure 2.3: Smart SSD runtime framework.

2.3.1 Communication Protocol

Since the key concept of the Smart SSD is to convert a regular SSD into a combined computing

and storage device, we needed a standard mechanism to enable the processing capabilities of the

device at run-time. We have developed a simple session-based protocol that is compatible with the

standard SATA/SAS interfaces (but could be extended for PCIe). The protocol consists of three

commands — OPEN, GET, and CLOSE.

• OPEN, CLOSE: A session starts with an OPEN command and terminates with a CLOSE

command. Once the session starts, runtime resources including threads and memory (see

Thread and Memory APIs in Section 2.3.2) that are required to run a user-defined program

are granted, and a unique session id is then returned to the host. Note that when one of

the other Smart SSD commands (i.e., GET and CLOSE) is invoked by the host, the session

id must be provided to find the corresponding session before the command is executed in

the Smart SSDs. The CLOSE command closes the session associated with the session id;
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it terminates any running program and releases all resources that are used by the program.

Once the session is closed, the corresponding session id is invalid, and can be recycled.

• GET: The host can monitor the status of the program and retrieve results that the program

generates via a GET command. This command is mainly designed for the traditional block

devices (based on SATA/SAS interfaces), in which case the storage device is a passive entity

and responds only when the host initiates a request. For PCIe, a more efficient command

(such as PULL) could be introduced to directly leverage device-initiated capabilities (e.g.,

interrupts). A single GET command retrieves both the running status of the program and the

results if the output is ready. With different session ids, multiple user-defined programs can

be executed in parallel. Note that the programs can be blocked if no resource is available

in the Smart SSD. Therefore, the polling interval should be adaptive so that it does not

introduce a large polling overhead or hinder the progress of the Smart SSD operations. In

our experiments, the polling interval was set to 10 msec.

2.3.2 Application Programming Interface (API)

Once a command has been successfully delivered to the device through the Smart SSD commu-

nication protocol (Section 2.3.1), the Smart SSD runtime system drives the user-defined program

in an event-driven fashion. The user program can use the Smart SSD APIs for command manage-

ment, thread management, memory management, and data management. The design philosophy

of the APIs is to give more flexibility to the program, so that it is easier for the end-user programs

to use these APIs. These APIs are briefly described below.

• Command APIs: Whenever a Smart SSD command (i.e., OPEN, GET, and CLOSE) is

passed to the device, the Smart SSD runtime system invokes the corresponding callback

function(s) registered by the user-defined program. For instance, the OPEN and CLOSE

commands trigger user-defined open and close functions respectively. In contrast, the GET

command calls functions to fill the running status of the program and to transfer results to

the host if available.
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• Thread APIs: Once a session is opened, the Smart SSD runtime system creates a set of

worker threads and a master thread per core dedicated to the session. All threads managed

by the runtime system are non-preemptive. A worker thread is scheduled when a Smart

SSD command arrives (see Command APIs above), or when a data page (8KB) is loaded

from flash to DRAM (see Data APIs below). Once scheduled, a user-registered callback

function for that event is invoked on the thread (e.g., an open function in the event of the

OPEN command). Since callback functions are designed to be “quick” functions, long-

running operations that are required for each page (such as filtering) are handled by a special

function that is executed in the master thread. We note that the current version of the runtime

system does not support a “yield” command that gives up the processor to other threads. To

simulate this behavior when the master thread is scheduled, the operation processes only a

few pages, before the master thread is rescheduled to deal with the next task (which could

be to process the next set of pages for the first task).

• Memory APIs: Smart SSD devices typically have two types of memory modules — a small

fast TCM (e.g., ARM’s Tightly-Coupled Memory), and a large slow DRAM. In a typical

scenario, the DRAM is mainly used to store data pages while the TCM is used for frequently

accessed metadata such as the database table schema. Once a session is open, a pre-defined

amount of memory is assigned to the session, and this memory is returned back to the Smart

SSD runtime system when the session is closed (i.e., dynamic memory allocation using

malloc and free is not allowed.)

• Data APIs: Multiple data pages can be loaded from flash to DRAM in parallel. Here, the

degree of parallelism depends on the number of flash channels employed in the Smart SSD.

Once loaded, the pages are pinned to ensure that they are not evicted from the DRAM. After

processing a page, it must be unpinned to release the memory required to hold the page back

to the device. Otherwise, Smart SSD operations might be blocked until enough memory is

available for the subsequent operations.



16

2.4 Evaluation

In this section, we present selected results from an empirical evaluation of Smart SSD with

Microsoft SQL Server.

2.4.1 Experimental Setup

2.4.1.1 Workloads

For scan and aggregation queries, we created three synthetic tables, called Synthetic4 (having

4 integer columns), Synthetic16 (having 16 integer columns), and Synthetic64 (having 64 integer

columns), each of which has 400M tuples. The sizes of these tables are 10GB, 30GB and 110GB

for the Synthetic4, Synthetic16, and Synthetic64 table respectively. In addition, for two way join

queries, we created two synthetic tables called Synthetic R and Synthetic S. Both tables have 64

integer columns. The Synthetic64 R table has 1M tuples (∼ 300MB) and the Synthetic64 S table

has 400M tuples (∼ 120GB). The first column of the Synthetic64 R (R.Col 1) is the primary key,

and the second column of the Synthetic64 S (S.Col 2) is the foreign key pointing to R.Col 1.

For analytical workloads, we used the LINEITEM and PART table from the TPC-H bench-

mark [16]. Because of Smart SSD’s hardware and software limitations, we modified the original

LINEITEM, PART table specifications as follows:

1. All variable-length string columns are converted to fixed-length string columns,

2. All decimal type columns are converted to big integers by multiplying 100,

3. All date values are converted to the number of days since the last epoch.

The LINEITEM and PART table are populated at a scale factor of 100. Thus, the LINEITEM

table has 600M tuples (∼ 90GB), and the PART table has 20M tuples (∼ 3GB).

The tuples in the LINEITEM, PART, and synthetic tables were inserted into a relational heap

table in the SQL Server without a clustered index. The tuples, by default, were stored in slotted

pages using the traditional N-ary Storage Model (NSM). For the Smart SSDs, we also implemented

the PAX layout [21] in which all the values of a column are grouped together within a page.
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2.4.1.2 Hardware/Software Setup

All experiments were performed on a system running 64bit Windows 7 with 32GB of DRAM

(24 GB of memory is dedicated to the DBMS). The system has two Intel Xeon E5430 2.66GHz

quad core processors, each of which has a 32KB L1 cache, and two 6MB L2 caches shared by two

cores. For the OS and the transactional log, we used two 7.5K RPM SATA HDDs, respectively.

In addition, we used a LSI four-port SATA/SAS 6Gbps HBA (host bus adapter) [6] for the three

storage devices that we used in our experiments. These three devices are:

1. A 146GB 10K RPM SAS HDD,

2. A 400GB SAS SSD, and

3. A Smart SSD prototyped on the same SSD as above.

We implemented code for simple selection, aggregation, and selection with join queries, and

uploaded that code into the Smart SSD. We also modified some components in SQL Server 2012 [7]

to recognize and communicate with the Smart SSD. For each query that is used in this empirical

evaluation, we have a special path in SQL Server that we created to communicate with the SSD

using the API described in Section 2.3. Note that the results presented here are from a prototype

version of SQL Server that only works on a selected class of queries.

All the results presented here are for cold experiments; i.e., there is no data cached in the buffer

pool prior to running each query.

Only one of three devices is connected to the HBA at a time for each experiment. Finally, the

power drawn by the system was measured using a Yokogawa WT210 unit (as suggested in [9]).

We used this server hardware since it was compatible with the LSI HBA card that was needed to

run the extended host interface protocol described in Section 2.3.1.

We recognize that this box has a very high base energy profile (235W in the idle state) for

our setting in which we use a single data drive; hence, we expect the energy gains to be bigger

when the Smart SSD is used with a more balanced hardware configuration. But, this configuration

allowed us to get initial end-to-end results.
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We implemented simple selection, selection with aggregation, and selection with aggrega-

tion/join queries in the Smart SSD by using the Smart SSD APIs (Section 2.3.2). We also modified

some components in SQL Server 2012 [7] to recognize and communicate with the Smart SSD

through the Smart SSD communication protocol (Section 2.3.1). For each test, we measured the

elapsed wall-clock time, and calculated the disk (I/O subsystem) energy consumption as well as

the entire system energy consumption by summing the time discretized real energy values over the

elapsed time. After each test run, we dropped the pages in the main-memory buffer pool to start

with a cold buffer cache on each run. Thus, all the results presented here are for cold experiments;

i.e., there is no data cached in the buffer pool prior to running each query.

2.4.2 Experimental Results

To aid the analysis of the results that are presented below, the I/O characteristics of the HDD,

SSD, and Smart SSD are shown in Table 2.1. The bandwidth of the HDD and the SSD was

obtained using Iometer [5]. For the Smart SSD internal bandwidth, we implemented a simple

program (by using the Smart SSD APIs introduced in Section 2.3.2) to measure the wall clock

time to sequentially fetch a 100GB dummy data file from flash to the on-board DRAM. Note that

for this experiment, there was no data transfer between the SSD and the host. The only traffic

between the host and the Smart SSD was the communication associated with issuing the Smart

SSD commands (i.e., OPEN, GET, and CLOSE) to control the program.

Table 2.1: Maximum sequential read bandwidth with 32-page (256KB) I/Os.

SAS HDD SAS SSD (internal) Smart SSD

Sequential Read (MB/sec) 80 550 1,560

As can be seen in Table 2.1, the internal sequential read bandwidth of the Smart SSD is 19.5X

and 2.8X faster than that of the HDD and the SSD, respectively. This value can be used as the

upper bound of the performance gains that this Smart SSD could potentially deliver. As described
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in Figure 2.1, over time it is likely that the gap between the SSD and the Smart SSD will grow to

a much larger number than 2.8X.

We also note that the improvement here (of 2.8X) is far smaller than the gap shown in Figure 2.1

(about 10X). The reason for this gap is that the access to the DRAM is shared by all the flash

channels, and currently in this SSD device only one channel can be active at a time (recall the

discussion in Section 2.2), which becomes the bottleneck. One could potentially address this

bottleneck by increasing the bandwidth to the DRAM or adding more DRAM busses. As we

discuss below, this and other issues must be addressed to realize the full potential of the Smart

SSD vision.

Figure 2.4: End-to-end elapsed time for a selection query at a selectivity of 0.1% with the three

synthetic tables Synthetic4, Synthetic16, and Synthetic64.

2.4.2.1 Selection Query

For this experiment, we used three synthetic tables and the following SQL query:

SELECT SecondColumn

FROM SyntheticTable

WHERE FirstColumn <[VALUE]

Effect of Tuple Size: Figure 2.4 shows the end-to-end elapsed time to execute the selection query

at a selectivity of 0.1% with the three synthetic tables (Synthetic4, Synthetic16, and Synthetic64).

As can be seen in this figure, the Smart SSD, with a PAX layout, executes the selection query on
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the Synthetic64 table 2.6X faster than the regular SSD, whereas the selection on the Synthetic4

table is slower than the regular SSD. The performance improvement of the Smart SSD comes from

the faster internal I/O, whereas the low computation power of the ARM core in the Smart SSD

saturates its performance. In this experiment, in all the three cases, the Smart SSD improves the I/O

component of fetching data from the flash chips. But, compared to the regular SSD case, the Smart

SSD has to compute on the data in the pages that are fetched from the flash chips before sending

it to the host. With the Synthetic64 data set, this computation cost (measured as cycles/page) is

low as there are only 29 tuples on each page. However, with the Synthetic4 table, there are 323

tuples on each data page, and the Smart SSD-based execution strategy now has to spend far more

processing cycles per page, which saturates the CPU. Now, the query (on the Synthetic4 table)

in the Smart SSD is bottlenecked on the CPU resource. In the case of this SSD device, for the

Synthetic4 data set, the throughput of the computation that can be pushed “through the CPU” in

the Smart SSD is lower than the host IO interface. Consequently, the performance of this query

(with 0.1% selectivity) is faster with the regular SSD.

Effect of Varying the Selectivity Factor: Figures 2.5 (a), 2.5 (b), and 2.5 (c) present the end-to-

end elapsed time and the energy consumed when executing the selection query at various selectivity

factors on the Synthetic64 table, using the regular SSD, and the Smart SSD with the default NSM

layout and the PAX layout. The energy consumption is shown for the entire system in Figure 2.5

(b), and for just the I/O subsystem in Figure 2.5 (c).

Table 2.2: Results for the SAS HDD: End-to-end query execution time, entire system energy

consumption, and I/O subsystem energy consumption for a selection query on the Synthetic64

table at various selectivity factors.

0.1% 10% 100%

Elapsed time (seconds) 1,494 1,486 1,485

Entire System Energy (kJ) 357 358 358

I/O Subsystem Energy (kJ) 13 13 13
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(a)

(b)

(c)

Figure 2.5: End-to-end (a) query execution time, (b) entire system energy consumption, and (c) I/O

subsystem energy consumption for a selection query on the Synthetic64 table at various selectivity

factors.
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To improve the presentation of these figures, we do not show the measurements for the HDD

case, as it was significantly higher than the SSD cases. Rather, we show the measurements for the

HDD case in Table 2.2. As can be observed from Figure 2.5 (a) and Table 2.2, the Smart SSD

provides significant improvements in performance for the highly selective queries (i.e. when few

tuples match the selection predicate). The improvements are 19X and 2.6X over the HDD and the

SSD, respectively when 0.1% of the tuples satisfy the selection predicate.

One interesting observation from Figure 2.5 (a) is that for the Smart SSD case, using the PAX

layout provides better performance than the NSM layout, by up to 32%. As an example, for

the 0.1% selection query, the elapsed times when using NSM and PAX are about 115 seconds

and 78 seconds, respectively. Unlike the host processor that has L1/L2 caches, the embedded

processor in our Smart SSD does not have these caches. Instead, it provides an efficient way to

move consecutive bytes from the memory to the processor registers in a single instruction, called

the LDM instruction [3] . Since all the values of a column in a page are stored contiguously in the

case of the PAX layout, we were able to use the LDM instruction to load multiple values at once,

reducing the number of (slow) DRAM accesses. Given the high DRAM latency in the SSD, the

columnar PAX layout is more efficient than a row-based layout.

In addition, from Figure 2.5 (b) and Table 2.2, we observe that the Smart SSD provides a

big energy efficiency benefits — up to 18.8X and 3.0X over the HDD and the SSD respectively,

with 0.1% selectivity. Furthermore, from Figure 2.5 (c) and Table 2.2, we observe that the Smart

SSD achieves a substantial I/O subsystem energy efficiency improvement. For example it reduces

the energy consumption by 24.9X and 2.0X over the HDD and the SSD cases respectively, at

0.1% selectivity. The interesting observation for the I/O subsystem energy consumption is that the

Smart SSD energy efficiency benefit over the SSD is not proportional to the elapsed time. In other

words, the elapsed times at 0.1% selectivity when using the Smart SSD with a PAX layout and the

regular SSD are about 78 seconds and 207 seconds, which shows 2.6X performance improvement.

However, the I/O subsystem energy efficiency improvement is only 2.0X. That is because the Smart

SSD consumes additional computation power compared to the regular SSD.
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With the Synthetic4 and the Synthetic16 tables, the Smart SSD is usually slower than the

regular SSD for the select query at 0.1% selectivity, and in the worst case about 2.6X slower with

the NSM format. As above, the PAX format works better with the Smart SSD, and in the worst

case the Smart SSD is 22% slower than the regular SSD. The reasons for this behavior are similar

to the case of the Synthetic4 table shown in Figure 2.4 (See Section 2.4.2.1).

2.4.2.2 Selection with Aggregation Query

For this experiment, we used the following SQL aggregate query:

SELECT AVG (SecondColumn)

FROM SyntheticTable

WHERE FirstColumn <[VALUE]

The results for this experiment for the Synthetic64 dataset are shown in Figure 2.6. The HDD

results for this experiment are shown in Table 2.3. From Figure 2.6 and Table 2.3, we note that

compared to the Smart SSD case with PAX, the HDD case takes 19.2X longer to execute the query,

consumes 18.7X more energy at the whole server/system level, and about 23.3X more energy in

just the I/O subsystem.

Table 2.3: Results for the SAS HDD: End-to-end query execution time, entire system energy

consumption, and I/O subsystem energy consumption for a selection with aggregation query on

the Synthetic64 table at various selectivity factors.

0.1% 10% 100%

Elapsed time (seconds) 1,485 1,486 1,488

Entire System Energy (kJ) 354 353 355

I/O Subsystem Energy (kJ) 13 13 13

Similar to the previous results, the Smart SSD shows significant performance and energy sav-

ings over the HDD and the SSD cases. As seen in Figure 2.6 (a), the Smart SSD improves per-

formance for the highly selective queries by up to 2.7X over the (regular) SSD case when 0.1% of
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(a)

(b)

(c)

Figure 2.6: End-to-end (a) query execution time, (b) entire system energy consumption, and (c)

I/O subsystem energy consumption for a selection with aggregate query on the Synthetic64 table

at various selectivity factors.
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the tuples satisfy the selection predicate. In addition, as shown in Figure 2.6 (b), using the Smart

SSD (with PAX) is 2.9X more energy efficient than the regular SSD case when the selectivity is

0.1%. Furthermore, as can be observed from Figure 2.6 (c), the Smart SSD with PAX is 1.9X more

efficient in the I/O subsystem over the (regular) SSD case, at 0.1% selectivity.

The one big difference between the simple selection query results shown in Figure 2.5 and

Table 2.2, and the aggregate query results shown in Figure 2.6 and Table 2.3, is that with the

aggregate query, the Smart SSD has better performance than the HDD and the SSD cases even at

100% selectivity. The reason for this behavior is that the output of the aggregation query is far

smaller than the output of the selection query. Thus, the selection query has a much higher I/O cost

associated with transferring data from the Smart SSD to the host, which diminishes the benefits of

the Smart SSD.

With the Synthetic4 and Synthetic16 tables, similar to the selection query results, the Smart

SSD is usually slower than the regular SSD for the aggregate query at 0.1% selectivity, and in the

worst case about 2.5X slower with the NSM format. As above, performance is higher with the

PAX format in the Smart SSD, and in the worst case the Smart SSD is 20% slower than the regular

SSD. The reasons for this are also similar to the case of the Synthetic4 table shown in Figure 2.4

(See Section 2.4.2.1).

Figure 2.7: Elapsed time and entire system energy consumption for the TPC-H query 6 on the

LINEITEM table (100SF).
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2.4.2.3 TPC-H Query 6

For this experiment, we used the LINEITEM table and Query 6 from the TPC-H bench-

mark [16], using the default SHIPDATE, DISCOUNT, and QUANTITY values for the predicates

in the query. This query is:

SELECT SUM (EXTENDEDPRICE * DISCOUNT)

FROM LINEITEM

WHERE SHIPDATE >= 1994-01-01 AND

SHIPDATE <1995-01-01 AND

DISCOUNT >0.05 AND

DISCOUNT <0.07 AND

QUANTITY <24

Figure 2.7 shows the results with the HDD, the SSD, and the Smart SSD (with the NSM and the

PAX layouts). The Smart SSD with the PAX layout improves overall query response time by 11.5X

and 1.7X over the HDD and the SSD cases respectively. Also, it provides 12.0X and 2.0X energy

efficiency gains for the entire system over the HDD and the SSD respectively. The LINEITEM

table contains 51 tuples in a data page, which is more than the Synthetic64 case (29 tuples/page),

but less than the Synthetic16 table case (109 tuples/page). With the Synthetic16 table, the Smart

SSD with the PAX layout provides about 12.5X and 1.8X performance improvements over the

HDD and the SSD respectively, for the aggregate query at 0.1% selectivity factor. The selectivity

factor of the TPC-H benchmark Query 6 is 0.6%. As explained in Section 2.4.2.1, the number of

tuples in a data page has a big impact on the performance improvement that is achieved using the

Smart SSD. So, the LINEITEM table should have provided better performance improvement than

the Synthetic16 table. However, the higher selectivity of the TPC-H benchmark Query 6 (0.6%

vs. 0.1%), and its more complex predicates (five predicates vs. one predicate) saturates the CPU

and the memory resources in the Smart SSD. As a result, the performance improvement of TPC-H

Query6 with LINEITEM table is similar to that of the aggregate query described in Section 2.4.2.2

with a 0.1% selectivity factor for the Synthetic16 table.
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Figure 2.8: Host CPU usage for the SAS HDD, the SAS SSD, and the Smart SSD for a selection

query with average query on Synthetic64 table at 0.1% selectivity factor.

2.4.2.4 Two-way Join Queries

In this section, we evaluate the impact of using the Smart SSD to run simple join queries.

Selection with Join Query For this experiment, we use the Synthetic64 R and the Synthetic64 S

tables, and the following SQL query:

SELECT S.Col 1, R.Col 2

FROM Synthetic64 R R, Synthetic64 S S

WHERE R.Col 1 = S.Col 2 AND S.Col 3 <[VALUE]

Figure 2.9 shows the query plan for this query. Since the size of the Synthetic64 R table is far

smaller than the Synthetic64 S table, (i.e., |S| = 400|R|), and the hash table for the Synthetic64 R

table fits in memory, we used a simple hash join algorithm that builds a hash table on the Syn-

thetic64 R table. As shown in Figure 2.9, the core computation of this query is carried out inside

the Smart SSD and the host only collects the output from the Smart SSD. In the case of the regular

SSD, we used the same query plan as the Smart SSD, but the plan was run entirely in the host.

Similar to the previous result, the Smart SSD shows significant performance over the regular

SSD case. As seen in Figure 2.10, the Smart SSD (with the PAX layout) improves performance

for the highly selective queries by up to 2.2X over the (regular) SSD case when 1% of the tuples

in the Synthetic64 S table satisfy the selection predicate. Similar to the case of single table scan
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Figure 2.9: Query plan for the selection with join query in the Smart SSD.

queries, when the selectivity of the query is low (i.e., 100%), the performance of the Smart SSD is

saturated because the query cost is dominated by the cost of the high volume of data that has to be

transferred between the host and the Smart SSD.

TPC-H Query 14 For this experiment, we used the LINEITEM, the PART table and Query 14

from the TPC-H benchmark [16]. This query is:

SELECT 100 * sum(case when p type like ‘PROMO%’

then l extendedprice * (1 - l discount) else 0 end)

/ sum(l extendedprice * (1 - l discount))

as promo revenue

FROM LINEITEM, PART

WHERE l partkey = p partkey AND l shipdate >= date ‘1995-09-01’

AND l shipdate <date ‘1995-09-01’ + interval ‘1’ month

Figure 2.11 shows the query plan for this query when run in the Smart SSD. Overall, this query

plan is the same as the plan that was used in Section 4.2.2.1 (except that the selection was replaced

by an aggregation), since the size of the PART table is also much smaller than the LINEITEM

table, (i.e., |LINEITEM| ' 30|PART|), and the hash table for the PART table fits in memory.

Figure 2.12 shows the results with the (regular) SSD, and the Smart SSD (with the NSM and

the PAX layouts). The Smart SSD with the PAX layouts improve the overall query response time
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Figure 2.10: Elapsed time for the join query on the Synthetic64 R and the Synthetic64 S tables at

various selectivity factors.

by 1.3X over the (regular) SSD case. As discussed in [27], the Smart SSD achieves greater benefits

when the query requires fewer computations (number of CPU cycles) per data page. However, this

query requires a large number of CPU cycles to be executed per page compared to the query (a

simple selection with aggregation query) used in Section 2.4.2.3, which saturates the performance

of the Smart SSD. That is why the performance improvement of this query is lower than the

selection with aggregation query in Section 2.4.2.3 (1.3X vs. 1.8X).

2.4.3 Discussion

The energy gains are likely to be much bigger with more balanced host machines than our

test-bed machine. Recall from the discussion in Section 4.2.2 that with the aggregate query, we

observed 18.7X and 2.9X energy gains for the entire system, over the HDD and the SSD, respec-

tively. If we only consider the energy consumption over the base idle energy (235W), then these

gains become 25.1X and 11.6X over the HDD and the SSD, respectively. Figure 2.8 shows the

host CPU usage for the HDD, the SSD, and the Smart SSD. The SAS SSD uses about 20% of the

host CPU during the query execution time whereas the Smart SSD rarely uses the host CPU. In

our experimental setup, the power consumption of the host CPU is about 65W whereas the power

consumption of the general ARM core is less than 5W. This power consumption difference results
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Figure 2.11: Query plan for the TPC-H query 14 in the Smart SSD.

in the Smart SSD’s huge energy consumption gain (11.6X) over the SAS SSD at the entire system

level.

A crucial observation that we made is that the processing capabilities inside the Smart SSD

quickly became a performance bottleneck, in particular when the selection predicate matches many

input tuples or when there is a large amount of processing to be done per page of data (e.g., the

Synthetic4 table). For example, as seen in Figure 2.5 (a), when all the tuples match the selection

predicate (i.e., the 100% point on the x-axis), compared to the regular SSD the query runs 43%

slower on the Smart SSD. In this case, the low-performance embedded processor without L1/L2

caches and the high latency cost for accessing the DRAM memory quickly became bottlenecks.

Also, as discussed in Section 2.4.2.1, the Smart SSD achieves greater benefits when the query

requires fewer computations per data page.

The development environment that is required to run code inside the Smart SSD needs further

development. A large part of the tool that we used in this study was developed hand-in-hand with

Samsung for this project. To maximize the performance that we could achieve with the Smart

SSD, we had to carefully plan the layout of the data structures used by the code running inside

the Smart SSD to avoid having crucial data structures spill out of the TCM. Similarly, we used

a hardware-debugging tool called Trace32, a JTAG in-circuit (ICD) debugger [17], which is far

more primitive than the regular debugging tools (e.g., Visual Studio) available to database systems

developers.
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Figure 2.12: Elapsed time for the TPC-H query 14 on the LINEITEM and PART table (100SF).

On the DBMS side, the implication of using a Smart SSD for query processing has other ripple

effects. One key area is around caching in the buffer pool. If there is a copy of the data in the

buffer pool that is more current than the data in the SSD, pushing the query processing to the SDD

may not be feasible. Similarly, queries with any updates can’t be processed in the SSD without

appropriate coordination with the DBMS transaction manager. If the database is immutable then

some of these problems become easier to handle.

In addition, there are other implications for the internals of existing DBMSs, including query

optimization. If all or part of the data is already cached in the buffer pool then pushing the process-

ing to the Smart SSD may not be beneficial (from both the performance and the energy consump-

tion perspectives). In addition, even when processing the query the usual way is less efficient than

processing all or part of the query inside the Smart SSD, we may still want to process the query in

the host machine as that brings data into the buffer pool that can be used for subsequent queries.

Finally, using a Smart SSD can change the way in which we build database servers/appliances.

For example, if the issues outlined above are fixed, and Smart SSDs in the near future have

both significantly more processing power and are easier to program, then one could build ap-

pliances that have far fewer compute and memory resources in the host server than what typical

servers/appliances have today. Thus, pushing the bulk of the processing to Smart SSDs could

produce a data processing system that has higher performance and potential a lower energy con-

sumption profile than traditional servers/appliances.
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At the extreme end of this spectrum, the host machine could simply be the coordinator that

stages computation across an array of Smart SSDs, making the system look like a parallel DBMS

with the master node being the host server, and the worker nodes in the parallel system being the

Smart SSDs. The Smart SSDs could basically run lightweight isolated SQL engines internally

that are globally coordinated by the host node. Of course, the challenges associated with using

the Smart SSDs (e.g. buffer pool caching and transactions as outlined above) must be addressed

before we can approach this end of the design spectrum.
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2.5 Related Work

Since Jim Gray’s 2006 prediction [32] that “tape is dead, disk is tape, and flash is disk”,

various DBMS internal components have been revisited for flash SSDs to improve the DBMS per-

formance (e.g., for query processing [28, 48], index structures [20, 38, 49], and page layout [37]).

In particular, a promising and well-established way of using the SSDs in a DBMS is to extend the

main-memory buffer pool [22, 24, 29, 30, 36]. With an SSD buffer pool extension, pages that are

evicted from the main-memory buffer pool are selectively cached in the SSDs to be served for sub-

sequent accesses on the pages. The industry has released commercial storage appliances including

Oracle Exadata [19], Teradata Virtual Storage System [12], and IBM XIV Storage System [4] that

use similar ideas. As revealed in [30], however, the SSD buffer pool extensions are mainly benefi-

cial for OLTP workloads, and not data warehousing workload, which is the focus of this chapter.

A nice overview of techniques that use flash memory for DBMSs is described in [35].

Over a decade ago, the concept of in-storage processing, which involves combining on-disk

computational power with memory to execute all or part of application functions directly in the

device, was propose in the Active Disks [45, 46] and the Intelligent Disks [33] projects. The studies

proposed to exploit the excess computational power of the embedded processors in disks for useful

data processing (offloaded from the host) to mainly reduce the data traffic between the host and the

device. For example, Riedel et al. demonstrated performance gains for data computational tasks

(e.g., filtering, image processing [46], and primitive database operations such as scan, aggregation

[45]) in this environment. Since then, however, the computational power of disk controllers has not

been improved significantly [23], and therefore none of the approaches have been commercially

successful.

Similar efforts of moving computation closer to the data have been realized with the help

of special-purpose or commodity hardware to improve the performance of database processing.

Mueller et al. [41, 40] proposes an FPGA-based approach, in which an FPGA is located between

the disk and the host. In this approach, the data from the disk is pre-processed before it is fed to the

host processors, and as a result, some of the computational work can be offloaded from the host. A
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commercial product based on this idea can be found in [31]. Another approach that uses additional

commodity processors in storage servers is Oracle Exadata [19]. By pushing down some database

operations from database servers to storage servers, the amount of data traffic can be significantly

reduced. Our work follows in this same direction, but directly uses processing that can be directly

built as part of the SSD manufacturing process.

Recently, several studies have explored the feasibility of in-storage processing on flash SSDs

[25, 34]. These studies propose using a dedicated hardware logic (that is placed inside a flash

controller) to accelerate the scan operation. A commercial SoC designer was used to demonstrate

performance and energy gains by simulating the hardware logic. In [23], an analytical model was

presented to examine the energy-performance trade-offs when data analysis tasks are carried out

on the SSD-resident processors in a High Performance Computing (HPC) context. Lessons from

these studies can be used to guide the future development of additional processing inside the Smart

SSD for database related data processing.
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2.6 Conclusion

The results in this chapter show that Smart SSDs have the potential to play an important role

when building high-performance database systems/appliances. Our end-to-end results using SQL

Server and a Samsung Smart SSD demonstrated significant performance benefits (up to 2.7X in

some cases) and a significant reduction in energy consumption for the entire server (up to 3.0X

reduction in some cases) over a regular SSD. While we acknowledge that these results are prelim-

inary (we only tested a limited class of queries and on only one server configuration), we also feel

that there are potential new opportunities for crossing across the traditional hardware and software

boundaries with Smart SSDs.

A significant amount of work remains. On the SSD vendor side, the existing tools for devel-

opment and debugging must be improved if Smart SSDs are to have a bigger impact. We also

found that the hardware inside our Smart SSD device is limited, and that the CPU quickly became

a bottleneck as the Smart SSD that we used was not designed to run general purpose programs.

The next step must be to add in more hardware (CPU, TCM and DRAM) so that the DBMS code

can run more effectively inside the SSD. These enhancements are absolutely crucial to achieve the

10X or more benefit that Smart SSDs have the potential of providing (see Figure 2.1). The hard-

ware vendors must, however, figure out how much hardware they can add to fit both within their

manufacturing budget (Smart SSDs still need to ride the “commodity” wave) and the associated

power budget for each device. On the software side, the DBMS vendors need to carefully weigh

the pros-and-cons associated with using smart SSDs. Significant software development and test-

ing time will be needed to fully exploit the functionality offered by Smart SSDs. There are many

interesting research and development issues that need to be further explored, including extending

the query optimizer to push operations to the Smart SSD, designing algorithms for various opera-

tors that work inside the Smart SSD, considering the impact of concurrent queries, examining the

impact of running operations inside the Smart SSD on buffer pool management, considering the
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impact of various storage layout, etc. To make these longer-term investments, DBMS vendors will

likely need the hardware vendors to remove the existing roadblocks.

Overall, the computing hardware landscape is changing rapidly and Smart SSDs present an

interesting additional new axis for thinking about how to build future high-performance database

servers/appliances. Our results indicate that there is a significant potential benefit for database

hardware and software vendors to come together to explore this opportunity.



37

Chapter 3

Extending In-storage Computing for a Non-relational Database
System and Future Roadmap for Smart SSDs

In the previous chapter, we explored the potential performance improvements and energy gains

that are achieved using the Smart SSD [27, 44] for relational query operations with structured

data. In this chapter, we explore the opportunities and limitations of using Smart SSDs for a

non-relational database system (i.e., Hadoop [1]) with unstructured data. We also present a simple

analytical model to evaluate our experimental results and propose a roadmap for hardware/software

design choices with Smart SSD.

3.1 Introduction

As shown in the previous chapter, using a flash SSD as a computing component (a.k.a “Smart

SSD”) showed a great potential for a relational database system, which largely manages structured

data. We showed both the potential performance improvements and energy gains by pushing down

various database operations (e.g., scan, aggregation and join) into a flash SSD device.

This part of the thesis explores the opportunities and challenges for in-storage computing with a

cluster of Smart SSDs in a non-relational database system (i.e., Hadoop [1]). We have implemented

an initial prototype in the Hadoop MapReduce framework [1] running on Samsung Smart SSDs.

Our results show that for a grep application using eight Smart SSDs, we observed up to 2.8X

improvement in end-to-end performance compared to using the same SSDs but without the “Smart”

functionality (i.e., regular SSDs).
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In this part of the thesis, we also design a cost model that explains the problems in data pro-

cessing with Smart SSDs. Current SSDs have various limitations that hinder the opportunities

associated with pushing computation into the SSD. Based on the cost model, we propose a list of

hardware/software recommendations to realize the full vision of the Smart SSD for data process-

ing.

On a cautionary note, as was pointed out in the previous chapter, the market place for Smart

SSDs will require significant changes from both the hardware and software vendors. The focus

of this part of the thesis is not to speculate on how long it will take for the market place to fully

utilize the potential for Smart SSDs, but rather to provide a more detailed analysis of the benefits

and limitations of the Smart SSD approach, so that both the Smart SSD hardware vendors and the

database software developers can make “smarter” designs about if and how to use Smart SSDs for

data processing.

The remainder of this chapter is organized as follows: The internal architectural details of a

modern SSD and a sample actual Samsung Smart SSD properties are presented in Section 3.2. In

Section 3.3, we describe how we have made Smart SSDs work with the Hadoop 3.0 framework [2].

Experimental results and analytics are presented in Section 3.4. Finally, Section 3.5 contains our

concluding remarks and points to a list of hardware/software recommendations to realize the full

vision of the Smart SSD for data processing.
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3.2 Overview of the Current Smart SSD

In this section, we describe the detailed properties of an actual current Smart SSD to better

understand the internal architectural aspects of a Smart SSD. Then, we develop a simple cost

model for in-storage data processing with Smart SSDs based on these properties.

3.2.1 Smart SSD Properties

Figure 3.1: Smart SSD hardware architecture.

As shown in Figure 3.1, inside a flash SSD device there are two types of volatile memory,

namely Tightly-Coupled Memory (TCM) and Dynamic Random-Access Memory (DRAM). The

processing CPU is often an ARM processor with multiple cores. Each ARM core has its own

dedicated TCM while the DRAM is shared by multiple cores. Access to the TCM has a far lower

access latency (by a factor of 10) than the DRAM, while the size of the TCM is much smaller

than the size of DRAM (by a factor of 10,000). There are also hundreds of gigabytes of multi-

channel flash memory where the data is stored permanently. The main benefit of the in-storage

data processing approach comes from the larger aggregate internal bandwidth than the bandwidth

supported by common host I/O interfaces (see Figure 2.1). However, the downside of the in-storage

data processing is the potential performance bottlenecks caused by the low-performance embedded

processor that doesn’t have L1/L2 caches (unlike the processor in the host), and the high latency
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cost for accessing the DRAM memory. In other words, when there is a large amount of processing

to be done or a large number of DRAM memory accesses per page of data, the performance of the

Smart SSD drops significantly (compared to using the SSD as just a storage device and computing

in the host).

To further consider the performance bottlenecks as well as the large internal bandwidth of the

Smart SSD, we define the CPU time and I/O time for Smart SSD-based data processing as follows:

The CPU time is the total elapsed time not only to process data in the CPU, but also to read data

from the underlying memory hierarchies, and the I/O time is the total elapsed time to load data

from the flash memory to the DRAM inside the Smart SSD.

Figure 3.2 demonstrates the potential CPU time overhead for data processing inside the Smart

SSD. Figure 3.2 shows the experimental results for TPC-H benchmark [16] Query 6 and Query 14

with a regular SSD (the same SSD as the Smart SSD but without the “Smart” functionality) and a

Smart SSD (see Section 2.4.2.3 and Section 2.4.2.4 for more details about these experiments).

In the regular SSD, where all computations are executed in the host CPU, both queries are I/O

bound. However, in the Smart SSD, where all computations are performed inside the SSD, there

are multiple dominant factors, including the I/O cost. From these results, we can determine that an

I/O-bound workload using a regular SSD may become a CPU-bound workload when using a Smart

SSD. Another interesting observation is that in-storage query processing for the TPC-H Query 6

(scan and aggregation query) is more beneficial than it is for the TPC-H Query 14 (scan, join, and

aggregation query) because the TPC-H Query 14 requires more computations and more DRAM

accesses per data page (as that query has an additional join operation).

To find the main factors of the CPU cost for data processing inside the Smart SSD, we per-

formed two types of experiments. In the first experiment, we loaded 100GB of data from the flash

memory to the Smart SSD DRAM, and read a certain number of tuples in a 8KB page from DRAM

(x-axis). In the second experiment, we added a for-loop with each DRAM access, and placed a

simple add calculation within that for-loop. The result shows that the CPU time is minimally af-

fected by the addition calculation. Also, the total CPU time is almost proportional to the number

of DRAM accesses per page fetch. This is because the access to the DRAM is shared by all the
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(a)

(b)

Figure 3.2: End-to-end (a) TPC-H Query 6 query execution time and (b) TPC-H Query 14 query

execution time with a regular SSD and a Smart SSD.
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flash channels and the ARM CPU, and currently in our SSD device the CPU competes with the

flash channels to read data from DRAM. Therefore, we can conclude that DRAM access is the

main bottleneck for the total CPU time under the current Smart SSD architecture for simple data

processing tasks.

Based on the properties of the flash SSD device and the observations from our experiments, we

suggest two basics rules for data processing inside the Smart SSD:

• DRAM rule: Minimize the number of (expensive) DRAM accesses.

• Cache rule: Utilize other memory hierarchy such as the TCM to avoid the expensive DRAM

access. Note that inside the Smart SSD there is no OS or transparent hardware-based

caching, so the database program has to manage the hardware directly.

Figure 3.3: CPU time to process 100GB data with the various number of DRAM accesses per

page.

3.2.2 Smart SSD Cost Model

To evaluate the performance of a specific Smart SSD data processing operation, we used a

cost model that includes the I/O cost and the CPU cost for data processing inside the Smart SSD.

This cost model was used to assess Hadoop applications with Smart SSDs and estimate storage

organizations for Smart SSDs. Even though this cost model is based on the current Samsung
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Smart SSD, it can provide the foundation for realizing the full potential of the Smart SSD for data

processing in the future.

3.2.2.1 Smart SSD Cost Model Assumptions

Building an accurate cost model from scratch is a challenging task. Thus, we made the follow-

ing assumptions to simplify this challenge:

• Complete parallel data processing with multiple SSDs: The cost model for distributed

data processing with multiple SSDs assumes a completely parallel in-storage computing

with multiple SSDs.

• Absence of data movement between SSDs: This cost model assumes that there is no data

movement cost when using multiple SSDs.

Table 3.1: List of variables used and their definitions.

Variable Definition

CFD Cost to load a page into the DRAM from flash chips (seconds/page)

NP Number of page fetches

CD Cost to access data in the DRAM (cycles/access)

CT Cost to access data in the TCM (cycles/access)

CDT Cost to copy data from the DRAM to the TCM (cycles/byte)

ND Number of access to the DRAM

NT Number of access to the TCM

DDT Size of data transferred from the DRAM to the TCM (bytes)

NSSD Number of SSDs

Now we define a cost model for data processing with Smart SSDs based on the properties and

assumptions. This cost model will be used for evaluating Hadoop applications using Smart SSDs

and estimating storage organizations for Smart SSDs.
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TotalCost =
I/Ocost+ CPUcost

#ofSSDs
=

{CFD ×NP}+ {CD ×ND + CDT ×DDT + CT ×NT}
NSSD

. (3.1)

To validate the cost model, we used the following numbers (from our current Samsung Smart SSD

device) in Table 3.2, and for the TPC-H Query 6 and Query 14 (for which we also have actual

experimental results). As shown in Figure 3.4, the actual experimental results are relatively close

to the values that are calculated from the cost model (within 10%).

Table 3.2: Properties of the Samsung Smart SSD.

CFD CD CT CDT

2240 70 3.5 6
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Figure 3.4: Validation of the Smart SSD cost model.
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3.3 Hadoop MapReduce Framework with Smart SSDs

In this section, we describe our system design that integrates Smart SSDs in the Hadoop

MapReduce framework [1] for a limited set of jobs/applications (i.e. this is is not a full-fledged

integration of any MapReduce job with Smart SSD).

3.3.1 Hadoop MapReduce Framework

First, we briefly describe the general Hadoop MapReduce framework. Hadoop is a data pro-

cessing framework that implements the MapReduce [26] programming model. MapReduce is

designed to process large data sets with a parallel and distributed algorithm on a cluster. Hadoop

runs on the Hadoop Distributed File System (HDFS), which is the primary distributed storage used

by Hadoop applications. Hadoop typically processes a submitted job through three main phases:

Map, Shuffle, and Reduce. In the initial Hadoop data processing phase, HDFS splits large input

data into a set of small data blocks 1. In the Map phase, each data block is processed by each Map

task. All Map tasks are executed in parallel on a cluster of Hadoop DataNodes. Map tasks apply

a user-defined Map function to its own input data block and generate a set of output data (i.e.,

intermediate key-value pairs). An output data (key-value pairs) from a Map task is then partitioned

into the number of Reducers. In the Shuffle phase, each Map task’s partitioned output data is trans-

ferred to each Reduce task based on the intermediate key. Reduce tasks sort and merge their own

input data before they apply a Reduce function in the Reduce phase. The final output from each

Reduce task is written in an HDFS file.

3.3.2 Offloading Map Tasks into Smart SSDs

As illustrated in Figure 3.5, we offload Map tasks to the Smart SSDs. The reasons that we only

pushed down Map tasks into the Smart SSDs are twofold: (1) Map tasks take a large amount of

input data and often produce relatively small output data; (2) Reduce tasks require sort and merge

1The size of each data block is configurable and the default size in Hadoop 3.0 [2] is 128MB
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Figure 3.5: Offloading Map tasks into Smart SSDs.

operations that are not favorable to Smart SSDs. In Section 3.4.3.1, we will explain why sorting is

not a good application for Smart SSDs.

Figure 3.6 depicts the overall workflow of the Hadoop MapReduce framework with Smart

SSDs. Because of the language discrepancy between Hadoop implementation language and the

Smart SSD firmware language (Java vs. C++), we implemented an additional interface layer called

the Smart SSD Agent (see Figure 3.6) by adopting Java Native Interface (JNI) [39]. This Smart

SSD Agent communicates with both the Hadoop system and the Smart SSDs. The Smart SSDs

execute Map tasks once they take input split file information from the Smart SSD Agent. Each

Smart SSD Map task processes each unstructured data block (128MB in size). As mentioned in

Section 3.2, there are two types of volatile memory that we can utilize for data processing inside

the Smart SSD. Based on the cost model and the rules that we proposed in Section 3.2, we can

simply calculate the data processing cost with and without the TCM.

Assume that we process an 8KB page of unstructured data. Because the 8KB page is unstruc-

tured data, the CPU reads every byte to process the page, which results in 8K DRAM accesses per

page. In this case, the CPU cost is CD × ND. Alternatively, based on the Cache rule (see Sec-

tion 3.2.1), we can utilize the TCM to avoid expensive DRAM accesses. In this case, the CPU cost



48

includes the memory copy cost (CDT ×DDT ) from the DRAM input buffer to the TCM as well as

the TCM access cost (CT × NT ). Based on a simple calculation using the numbers in Table 3.2,

we recommend the following rule for data processing inside the Smart SSD:

• Memory copy rule: Copy input pages from the DRAM input buffer to the TCM if the

number of DRAM accesses per page is greater than 1000.

Figure 3.6: Software design for Hadoop with Smart SSDs.

Once each Smart SSD Map task is completed, the Smart SSD returns its output to the Smart

SSD Agent instead of writing directly to the flash memory because the current Samsung Smart

SSD does not support an internal write API. The rest of the Hadoop MapReduce procedure is

same as in the case of the regular Hadoop MapReduce framework.
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3.4 Evaluation

In this section, we present results from an empirical evaluation of Smart SSDs using the Hadoop

MapReduce framework. In addition, we discuss further applications of the cost model and storage

organization solutions for data processing inside the Smart SSD.

3.4.1 Experimental Setup

3.4.1.1 Workloads

For all experiments, we used Wikipedia data (∼100GB) from the Purdue PUMA benchmark [10].

Among the many Hadoop applications, we chose the grep application to evaluate the performance

of Smart SSDs using the Hadoop MapReduce framework. The reasons that we chose grep are

threefold: (1) the Map task execution time is much longer than the Reduce task time; (2) grep is a

representative data intensive application among Hadoop applications; and (3) the output data of a

Map task is much smaller than the input data. Thus, grep is a good candidate to show benefits from

using a Smart SSD, which allows us to answer the question of how far can current Smart SSDs ben-

efit such applications. This method also allows us to then use these results to explore (analytically)

the roadmap for future Smart SSDs to benefit such and other data-intensive applications.

The search keyword for the grep application was “Microsoft” and this keyword rarely appeared

(∼6000 times) in Wikipedia data (∼100GB). Thus, the size of the output data from each Map task

is almost zero.

3.4.1.2 Hardware/Software Setup

We performed experiments with Hadoop 3.0 [2] framework with two base Hadoop cluster

settings. The first configuration is a single DataNode with various number of SSDs and the second

configuration is two DataNodes with various number of SSDs (see Figure 3.7). For each node (both

NameNode and DataNode), we used a low cost commodity machine with an Intel i5 processor

(3.20 GHz, 4 cores) and 32 GB memory. Each DataNode is equipped with Smart SSDs, each of

which is a 400GB SSD with SAS 6Gb interface. All nodes run Ubuntu 14.04 LTS (64 bits).
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Figure 3.7: Hadoop cluster configurations.

All the results presented here are for cold experiments; i.e., there is no data cached in the

DRAM prior to running each operation.

For all experiments, we used default the Hadoop 3.0 [2] configurations except for the block

replication factor. We set up the replication factor as 1 for a single DataNode and 2 for two

DataNodes.

3.4.2 Experimental Results

3.4.2.1 Single DataNode

For this experiment, we set up a Hadoop cluster with a NameNode and a DataNode (see Con-

figuration 1 in Figure 3.7). The DataNode had various number of SSDs (i.e., N = 1, 2, 4, and 8),

each of which stores HDFS data blocks. We ran a Hadoop grep job with a large text file (∼100GB)

extracted from Wikipedia pages.

Effect of adding SSDs: Figure 3.8 presents the end-to-end elapsed time when executing a grep

job with various number of SSDs. As can be seen in Figure 3.8, the performance of Smart SSDs

increases linearly as the number of SSDs increase, while the performance of regular SSDs remains

the same. The reason for this is that all Smart SSDs run perfectly in parallel; therefore, the ag-

gregate processing capabilities of Smart SSDs increase as the number of SSDs increases. On the

other hand, with regular SSDs, the processing capabilities depend on the host CPU in a DataNode.
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Figure 3.8: End-to-end grep execution time on the Wikipedia data (∼100GB) with various number

of SSDs in a single DataNode.

Therefore, it does not change even after adding more SSDs to the DataNode. As can be seen in

Figure 3.8, when N = 8, Smart SSDs execute the grep job about 2.8X faster than regular SSDs,

and this gap will likely increase as more SSDs are added.

Effect of memory copy cost and TCM access cost for data processing inside the Smart SSDs:

Because the input data for a grep job is an unstructured plain text file, a grep operation must

access every byte in the input file and find matching strings. Thus, the number of DRAM accesses

per 8KB page is greater than 1000. Based on the Memory copy rule (see Section 3.3.2), we copy

each input data page from the DRAM input buffer into the TCM and then process it to evaluate

the grep operation. Figure 3.9 describes the main bottlenecks in performing the grep job inside

Smart SSDs based on the cost model. There are three main cost in performing the grep job inside

a Smart SSD: (1) internal I/O cost, (2) the cost of copying input pages from the DRAM input

buffer to the TCM, and (3) the cost of accessing TCM to process the input pages. The internal

I/O cost is negligible because of the huge aggregate internal I/O bandwidth in Smart SSDs. The

memory copy cost and the TCM access cost are two main bottlenecks in performing a grep job

inside Smart SSDs.
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Figure 3.9: Smart SSD grep execution time and analysis with the cost model.

3.4.2.2 Multiple DataNodes

For this experiment, we set up a Hadoop cluster with a NameNode and two DataNodes (see

Configuration 2 in Figure 3.7) where each DataNode has four SSDs (i.e., N = 4). We ran a Hadoop

grep job with a large text file (∼100GB) extracted from the Wikipedia pages.

Effect of adding DataNodes: Figure 3.10 presents the end-to-end elapsed time when executing a

grep job with eight SSDs. In this figure, for the single DataNode setting, we used Configuration

1 (see Figure 3.7) where N = 8. For the two DataNodes setting, we used Configuration 2 (see

Figure 3.7) where N = 4. As can be seen in Figure 3.10, the performance of regular SSDs increases

as the number of DataNodes increases, while the performance of Smart SSDs remains the same.

The reason for this is that the aggregate processing capabilities with Smart SSDs does not change

because the total number of SSDs is eight in both experiments. On the other hand, with regular

SSDs, the processing capabilities that depend on the host CPU in DataNodes increased by adding

an additional DataNode.
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Figure 3.10: End-to-end grep execution time comparison between a single datanode and two

datanodes with eight SSDs.

3.4.3 Discussion

A crucial observation is that the lack of processing capability inside the Smart SSD can be

overcome by adding more SSDs. For example, as seen in Figure 3.8, a single Smart SSD’s perfor-

mance was worse than that of a single regular SSD. However, multiple Smart SSDs outperformed

regular SSDs (up to 2.8X with 8 Smart SSDs) due to their aggregate processing capabilities. Re-

cent servers are equipped with more than 24 storage device slots. We can therefore predict about

8X speedup (compared to regular SSDs) when using the aggregate processing capabilities of 24

Smart SSDs.

3.4.3.1 Other Hadoop Applications

Wordcount Figure 3.11 presents the experimental results for a Hadoop wordcount [13] job that

counts the number of occurrences of each word in given input data. We used Configuration 2

(see Figure 3.7), where each DataNode has four SSDs (i.e., N = 4). Smart SSDs underperformed

regular SSDs because the Wikipedia data had too many distinct words; therefore, the output data

from each Map task was too large. This high selectivity value (∼100% selectivity) of the Map task

saturated the performance of Smart SSDs (refer to Section 2.4.2.1).
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Figure 3.11: End-to-End wordcount execution time on the Wikipedia data (∼100GB) with two

DataNodes, each of which has four SSDs.

Sorting Sorting is an important operation in a data processing system. We estimate the perfor-

mance of a sorting operation in the Smart SSD based on the cost model. We note that sorting

cannot be currently implemented/performed with the current Samsung Smart SSD because it does

not support an internal write API. Even if we assume there is an internal write API for the Smart

SSD, sorting inside the Smart SSD would be very slow because the size of DRAM inside the Smart

SSD is much smaller than the host DRAM size (by a factor of 1,000).

Assume we sort 8M 8KB pages (∼60GB), each of which has 80 data entries. Assume also that

the host DRAM size is about 64GB and the Smart SSD’s DRAM size is about 64MB. Then, sorting

in the host requires only a single pass, while sorting in the Smart SSD requires an external sorting.

If we perform a two-way external merge sort, it will require about log2 8M passes, each of which

requires 2 × 8M × 80 DRAM accesses. Based on the cost model, we can estimate the sorting

execution time for this example, as shown in Figure 3.12. In this example, we conservatively

assume the host DRAM access latency is 100 cycles and the host CPU clock cycle is 3.2 GHz. The

Smart SSD will be about 4X slower than the regular SSD.

3.4.3.2 Smart SSD Storage Organizations

Based on the cost model, we explore a number of key dimensions related to storage organiza-

tions for the Smart SSD. These dimensions are described below.
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Figure 3.12: Estimated sorting execution time with a regular SSD and a Smart SSD based on the

cost model.

Row-Stores vs. Column-Stores The relative benefits of row-store and column-store organiza-

tion for the Smart SSD can be briefly estimated based on the cost model. Assume a simple query

that scans a heap table (with 64 integer columns). The query has a selection predicate on the first

column of the table, and the selectivity of this query is nearly 0%. Now imagine there are two data

storage models: row-store and column-store. The table size in the row-store is 100GB, while the

size of the first column in the column-store is about 1.5GB. We can estimate the performance of

the Smart SSD and the regular SSD with both row-store and column-store data (see Figure 3.13).

Using row-store data, the Smart SSD provides a performance benefit over the regular SSD, while

the regular SSD outperforms the Smart SSD in a column-store data storage model.

NSM vs. PAX We evaluate the traditional N-ary Storage Model (NSM) and the PAX layout [21]

in which all the values of a column are grouped together within a page. Figure 3.14 estimates the

NSM and the PAX layout using the same example as described in the previous paragraph based on

the cost model. Because all the values of a column in a page are stored contiguously in the PAX

layout, we are able to use the LDM instruction [3] 2 to load multiple values at once, reducing the

2The load multiple instruction (LDM) allows loading data into any subset of the 16 general-purpose processor
registers from memory, using a single instruction.
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Figure 3.13: Estimation for storage organizations with a regular SSD and a Smart SSD.

number of (slow) DRAM accesses. Given the high DRAM access latency in the SSD, the columnar

PAX layout is more efficient than a row-based NSM for the Smart SSD (see Figure 3.14).
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Figure 3.14: Estimation for the NSM and PAX data layout with a Smart SSD.
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3.5 Conclusion and Roadmap for Future Smart SSD Design

In this chapter, we demonstrated the potential performance improvement of using Smart SSDs

in a non-relational database system. Because of the low computation capabilities in Smart SSDs

and the characteristics of unstructured data processing, using a single Smart SSD does not offer a

performance improvement compared to the use of a regular SSD. However, as shown in Figure 3.8,

the aggregate computation capabilities of a cluster of Smart SSDs could provide a significant per-

formance improvement over the use of regular SSDs. In our experiments with eight Smart SSDs,

we showed that Smart SSDs could improve the performance of a grep job by up to 2.8X over the

use of regular SSDs. Also, based on the cost model, we estimate that the performance improvement

will be much larger when adding more SSDs (up to 8X with 24 SSDs).

3.5.0.1 Roadmap for Future Smart SSD Design

Based on the Smart SSD’s current software/hardware properties and our analysis using the cost

model, we propose a roadmap to guide hardware/software design choices for future Smart SSDs

as follows:

1. We need a Direct Memory Access (DMA) memory copy operation to reduce the expensive

memory copy cost from the DRAM input buffer to the TCM (see Figure 3.9).

2. Currently, the internal Smart SSD I/O is serialized with CPU computations. This results in

degradation of the Smart SSD’s performance. Thus, we need asynchronous internal I/O for

the Smart SSD functionality.

3. Larger DRAM size is needed to reduce certain computation, such as the number of passes

when sorting inside the Smart SSD. Without a large DRAM size, computing inside the Smart

SSD faces a sheer algorithmic challenge as algorithms (like sorting) are very sensitive to the

available memory size.

4. Row-store, especially PAX, is more beneficial for the Smart SSD, as shown in Figure 3.13

and Figure 3.14.
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5. The current Smart SSD cannot run multiple Smart SSD processes at the same time. To

support concurrent queries and multi-tenant databases, a multiprocessing feature should be

included in future Smart SSDs.
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Chapter 4

Aggressive Buffer Pool Warm-up after Restart in SQL Server

In many settings, a database server has to be restarted either in response to a failure event, or in

response to an operational decision such as moving a database service from one machine to another.

However, such restarts pose a potential performance problem as the new database server starts off

with a cold buffer pool. As a result, the database application experiences a dramatic reduction in

performance right after the restart, since just before the restart the database buffer pool was filled

with hot pages and after the restart the database buffer pool is empty. To address these issues,

traditional database systems use mechanisms such as SQL Server’s aggressive page expansion and

MySQL’s buffer pool preloading. However, these approaches have key limitations including long

warm-up times, possible early hot page eviction, user query performance saturation, and failure

restart. In this chapter, we present a new framework for SQL Server that allows continual capturing

of the state of the buffer pool, and restoring the server state quickly with a snapshot of the buffer

pool at restart. Our empirical evaluation demonstrates that our method reduces the time to regain

peak performance by a factor of 2X or more over the previous approaches.

4.1 Introduction

In production deployments, database servers restart for many reasons, including software up-

dates and hardware/software failure. In cloud settings, such restarts are more frequent due to

operational considerations, such as the need to move a database service from one machine to an-

other. Such restarts result in performance degradation as the restarted service starts with a cold

buffer pool. Figure 4.1 describes the long ramp-up issue that is associated with restarts.
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Figure 4.1: DBMS performance trend on restart.

To address the issue of long ramp-up times, traditional database management systems (DBMSs)

try to warm up the database buffer pool quickly on restart. For example, Microsoft SQL Server

uses an aggressive page expansion technique. This technique warms up the buffer pool by expand-

ing every single page read request to multiple (8 in SQL Server 2014) adjacent pages, including

the requested page before the buffer pool is filled [30]. Thus, this technique aims to fill the cold

buffer pool faster. Another technique, and one that MySQL takes, is called buffer pool preloading.

This technique captures the metadata of the buffer pool pages during shutdown, and preloads the

pre-captured buffer pool pages when the system restarts [8]. However, these existing approaches

have a number of shortcomings, including that the pages that are fetched may not have the highest

utility (from the subsequent buffer hit rate perspective), thus limiting the effectiveness of these

methods. (See Section 4.3 for a more detailed discussion.)

In this chapter, we present a set of mechanisms to reduce the ramp-up time and evaluate the

performance of our method compared to the existing methods used in SQL Server and MySQL.

The key contributions of this chapter are as follows:

• We propose checkpointing the metadata of the cached buffer pool pages (we define these

pages as hot pages in this chapter) periodically, and use this information to warm up the

buffer pool aggressively on restarts.
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• We design a Warm-up Estimator that pre-estimates if our framework provides a speedup over

the base SQL Server approach.

• We design and develop new LRU shifting and Piggybacking mechanisms (see Section 4.4.3)

to efficiently warm up the buffer pool.

• We perform an extensive evaluation of our framework with various hardware settings, includ-

ing Cloud virtual hard disks (VHDs), HDDs, and SSDs, using an OLTP (TPC-E) workload.

Our results using SQL Server show that our framework reduces the ramp-up time by up to

2-3X compared to the approaches in SQL Server and MySQL.

The remainder of this chapter is organized as follows: Section 4.2 describes background in-

formation, and Section 4.3 illustrates the differences between our idea and other approaches. Sec-

tion 4.4 describes the details of our framework. Section 4.5 presents the performance evaluation

and discussion. Related work is covered in Section 4.6, and our concluding remarks are in Sec-

tion 4.7.
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4.2 Background

In this section, we describe characteristics of I/O subsystems, Microsoft SQL Server, and

MySQL that are relevant to the framework presented in Section 4.4.

Table 4.1: Maximum sustainable random-read performance in IOPS when using 8KB, 64KB and

512KB requests for azure VHD, HDD and SSD, respectively.

8KB 64KB 512KB

Azure VHD 500 500 500

SAS HDD 342 295 102

SATA SSD 19026 3714 464

4.2.1 I/O Subsystems

To better understand the proposed framework (which is described in Section 4.4), and the re-

sults (which are described in Section 4.5), the random read performance of three underlying storage

devices that are used in our analysis are shown in Table 4.1. These storage devices are Microsoft

Azure [18] Standard VHD, a 10K RPM SAS HDD, and a SATA SSD. The performance numbers

shown in the table are IOPS that is measured using IOmeter [5]. As can be seen in Table 4.1, the

three devices show different performance trends as the I/O request size varies. For example, since

Azure VHD1 can provide up to 500 IOPS per disk regardless of the request size, using the 512KB

request size showed much higher throughput compared to the cases when smaller request sizes are

used. On the other hand, similar throughputs were measured when using 64KB and 512KB re-

quests on the SSD. These I/O subsystem characteristics are considered in our framework to reduce

the ramp-up time (see Section 4.4.2.1).

1Microsoft AZURE provides different IOPS numbers for different storage services. For example, it provides 300,
500, and 5000 IOPS for Basic, Standard, and Premium storage services, respectively.
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4.2.2 Microsoft SQL Server

Microsoft SQL Server aggressively expands a single page read request to an (consecutive)

eight-page request when the buffer pool is not full, so as to fill up the pool as quickly as possible.

In addition, the buffer pool manager maintains the last two references to each buffered page (i.e.,

LRU-1, LRU-2). This reference information is used to implement the buffer pool page replacement

policy, which is based on the LRU-K replacement algorithm [42], with K = 2.

4.2.3 MySQL

MySQL employs a cache preloading mechanism in order to avoid a lengthy ramp-up period

after restarting the system [8]. This cache preloading mechanism has three major stages. First,

the system captures the buffer pool state by recording the list of page identifiers (i.e. pageID) of

the pages in the buffer pool when the system shuts down. This option can be set to only record a

fraction of the most recently used pages that are in the buffer pool. Second, on restart, the system

sorts the list in an ascending order based on the page ID. Lastly, the pages are preloaded to restore

the buffer pool state when the system restarts.
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4.3 The Need for a New Framework

In this section, we describe the limitations with the SQL Server’s page expansion and MySQL’s

buffer pool preloading techniques for the two possible restart scenarios that are shown in Fig-

ure 4.2. Then, we explain how our approach addresses these limitations.

Figure 4.2: Possible scenarios: (a) User queries are processed only after the buffer pool restoring

step is completed (i.e., after the buffer pool is warmed up). (b) User queries start to be processed

right after the system restarts (In this case the buffer pool restoring process runs simultaneously in

background).

4.3.1 Where SQL Server Falls Short

SQL Server expands every single page read request to load adjacent eight pages until the buffer

pool is full. However, since this technique does not capture the buffer pool state before shutdown,

it is not applicable to Scenario (a) in Figure 4.2. In addition, the buffer pool inevitably ends up

containing several cold pages mixed with hot pages when the warm-up phase is done: In the worst

case, 7/8th of the buffer pool pages could be cold.

4.3.2 Where MySQL Falls Short

The MySQL buffer pool preloading technique helps warm up the buffer pool before processing

user queries (Scenario (a)). However, it still has a number of drawbacks. First, since the technique

issues only single-page I/O requests to warm up the buffer pool, it could take a large amount of

time to fill up the buffer pool with hot pages. For example, one of our experiments shows that more

than an hour was necessary to completely warm up the 48 GB buffer pool on AZURE VHDs, while
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our framework needs only 9 minutes (see Section 4.5.2.1). Second, MySQL does not use the LRU

values that the preloaded hot pages had before the system restarts, which may result in hot pages

getting evicted sooner than it would have with this information. Third, there is no throttle-control

mechanism between processing user queries and executing the buffer pool restoring process. As a

result, when user queries and the buffer pool restoring process run concurrently (Scenario (b)), we

observed that user queries were rarely processed because the I/O subsystem was saturated by the

buffer pool restoring process (See Figure 4.14). Finally, the buffer pool state is captured only when

the system is cleanly shutdown; thus, the system still needs a long ramp-up time when restarting

from a failure.

4.3.3 Key Aspects of the New Framework

Our framework addresses several limitations with the existing methods in MySQL and SQL

Server. First, since our framework captures the buffer pool state periodically (see Section 4.4.1), it

has the hot page metadata information available right after restart. Thus, restoring the buffer pool

state can be done in advance if there is enough time before user queries start to run, as in Scenario

(a). Second, we address the issue of possible long warm-up times with MySQL by finding the best

I/O request size instead of using single page I/Os. Third, we assign LRU values to the preloaded

hot pages by applying a LRU-Shifting technique (see Section 4.4.3.2). Fourth, our piggybacking

technique (see Section 4.4.3.3) helps warm up the buffer pool without saturating the user queries’

performance. Lastly, since our framework checkpoints the metadata of the cached buffer pool

pages periodically, we can aggressively warm up the buffer pool even on failure restarts.
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4.4 The New Framework

Figure 4 shows the architecture of the framework that we propose in this chapter.

Table 4.2: Notations used in the Warm-up Planner.

P = {p1, ..., pn}, a list of the hot pages’ metadata where each

consists of Page ID (which consists of a database ID, a file ID,

and a page number in the file), LRU-1, and LRU2.

S = {s1, ..., sm}, where each is a candidate I/O request size

(e.g., 8KB, 64KB, or 512KB in our example)

R = {r1, ..., rm}, where is the random read performance in IOPS

when si-sized requests are used.

C = {C1, ..., Cm}, where each is a list of I/O requests for si

H = {H1, ..., Hm},, where each is a list of hot pages, Hi ⊆ P , and Hi ⊆ Ci.

SE = Page expansion size of DBMS (i.e., 64KB for SQL Server)

4.4.1 Buffer Pool State Recorder: BSR

The main role of Buffer Pool State Recorder (BSR) is to periodically record the metadata (i.e.,

page ID, LRU-1, and LRU-2) of the cached pages in the buffer pool to an on-disk file.

4.4.2 Warm-up Planner

The Warm-up Planner consists of three subcomponents: a Warm-up I/O Planner, a Warm-up

Estimator, and a Warm-up Arranger. The Warm-up Planner is executed as a part of the recovery

process when the system restarts.
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Figure 4.3: The framework has three components: Buffer Pool State Recorder (BSR), Warm-up

Planner, and Buffer Pool State Loader (BSL).

4.4.2.1 Warm-up I/O Planner

We use an example to illustrate the utility of the Warm-up I/O Planner. Suppose that the

system has a 100MB buffer pool (12,800 pages, with 8KB page size), and these buffer pages are

laid out on disk as shown in Figure 4.4 (i.e., 8 buffer pool pages are evenly distributed across 16

consecutive disk pages, followed by 48 disk pages containing no buffer pool pages). Once the

system has been restarted, the buffer pool needs to be warmed up by loading the pages that were

previously cached in the buffer pool. Here, the expected warm-up time can be varied based on the

I/O request size. For example, when there are three candidate I/O request sizes (8KB, 64KB, and

512KB), each candidate size requires 12800, 3200 (12800/4, 4 hot pages in every 8 page chunk),

and 1600 (12800/8, 8 hot pages in every 64 page chunk) I/O requests to fill up the 100MB buffer

pool, respectively. With the IOPS numbers in Table I, we can calculate the total warm-up time.

In AZURE VHD, for instance, the warm-up time is 25.60 seconds ( 12800IOs/500IOPS), 6.40

seconds ( 3200IOs/500IOPS), and 3.20 seconds ( 1600IOs/500IOPS) when using 8KB, 64KB,

and 512KB I/O request sizes, respectively. Therefore, the 512KB is the best I/O request size

for AZURE VHDs, while 64KB and 8KB are the best I/O request sizes for HDDs and SSDs,
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Figure 4.4: A sample buffer pool layout on disk when the Warm-up Planner is executed.

respectively (see Figure 4.5). The details for the Warm-up I/O Planner is presented in Algorithm

1.

1. The algorithm sorts P in an ascending order based on the ID of each page.

2. It then clusters the sorted pages2, P ′ , according to the candidate I/O request sizes, S, (i.e.,

8KB, 64KB or 512KB in our experiments), and finds the best I/O request size, sK , by using

the IOPS numbers per each request size.

3. It returns the best I/O request chunks, CK = {cK,1, ..., cK,p} where each cK,i contains the

start page ID, the number of pages, and the list of LRU-1, LRU-2 values of the hot pages.

The choice of the I/O request size can be tuned based on each request, but for simplicity we

only pick one I/O size in the experiments presented in Section 5.

4.4.2.2 Warm-up Estimator

Warm-up Estimator, which is described in Algorithm 2, determines if using our framework

results in a speedup over SQL Server’s aggressive page expansion strategy (with an assumption

that all the expanded pages, 8 pages, are hot pages). For example, the random read performance

for the page expansion size, rE , is 295 IOPS (see Table 4.1). Then, the expected warm-up speed

of the page extension, A, is sE × rE = 64 KB/IO × 295 IOPS = 18,880 KB/sec. In our case, we

2Note that we apply early chunk pruning that discards clusters containing few hot pages. Since is 64KB (8 pages),
we discard clusters that have less than 8 hot pages.
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Figure 4.5: Estimated total warm-up time with the buffer page layout shown in Figure 4.4.

need the average hot pages per each I/O request chunk (AVG Hot Page Density), which is the total

hot pages over the total I/O request chunks,
HK

CK

. Thus the warm-up speed of our framework,

B, is KB/sec. If B is greater than A (i.e., if AVG Hot Page Density is greater than Break-Even

Hot Page Density,
HK

CK

× rK), we can guarantee that the warm-up speed our framework brings is

faster compared to simply using the aggressive page expansion. The benefit of this technique is

explained in Section 4.5.3.2 and Section 4.5.4.

4.4.2.3 Warm-up Arranger

The Warm-up Arranger module sorts the list of I/O request chunks, CK , based on how impor-

tant they are. The criteria that we chose are as follows: 1. average of LRU-2 values, 2. the number

of hot pages, 3. sum of LRU-2 values, and 4. max of LRU-2 values. Also we build a hash index for

each hot page with the corresponding I/O request chunk for Piggybacking (see Section 4.4.3.3).

4.4.3 Buffer Pool State Loader: BSL

The Buffer Pool State Loader (BSL) is executed right after the recovery process and the Warm-

up Planner are completed. It issues actual I/O requests based on the two outputs from the Warm-

up Planner — the sorted I/O request chunks (C ′
K) and Estimation (see Figure 4.3). This BSL

component considers the two cases illustrated in Figure 4.2, which allows it to: a) either warm up

the buffer pool before accepting user queries, or b) warm up the buffer pool while concurrently
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Table 4.3: Algorithm 1. The Warm-up I/O Planner

Input: P, S,R

Output: CK

1 P
′ ← SortPages(P);

2 for i to m do

3 | Ci ←MakePageClusters (P ′ , si);

4 end

5 sK ← FindBestIORequestSize(C,R);

6 Return

admitting new user queries before the warm-up process is completed. Note that in Scenario (b),

if the value of Estimation is False, the BSL does not issue I/O requests for preloading hot pages

since it cannot guarantee a speedup over the user query’s buffer pool warm-up as explained in

Section 4.4.2.2. Also, the BSL component employs techniques such as discarding cold pages,

LRU-shifting, and piggybacking, which are briefly described below.

4.4.3.1 Discarding cold pages

Since each I/O request chunk possibly contains cold pages, we discard such cold pages after

each I/O request is completed, thereby not polluting the buffer pool with cold pages.

4.4.3.2 LRU-shifting

Since SQL Server uses its own (simulated clock) tick for LRU values, we save the current time

tick, T , as an output of the BSR method. On restart, we use T as the start time tick so that we can

simply use the pre-saved LRU values for the preloaded hot pages after the system restarts.
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Table 4.4: Algorithm 2. The Warm-up Estimator

Input: CK

Output: Estimation

1 A← sE × rE;

2 B ← HK

CK

× rK ;

3 if B >A then

4 | Estimation← True;

5 else

6 | Estimation← False;

7 Return

4.4.3.3 Piggybacking

As shown in Figure 4.6, when an I/O request for a page from the user query arrives at time T ,

we search a list of I/O request chunks (which are indexed by the page ID), and issue a request for

a chunk c instead of the page p, if there is a chunk c that contains p.
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Figure 4.6: Piggybacking.
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4.5 Evaluation

In this section, we present results from implementing our framework as well as MySQL’s buffer

pool preloading in Microsoft SQL Server 2014 [14]. We evaluate these two methods compared to

the baseline (the default SQL Servers aggressive page expansion with the user queries). Table 4.5

shows the implementation details about our framework, which we call “SQLServer/Warm” in this

section, and MySQL’s buffer pool preloading in SQL Server.

4.5.1 Experimental Setup

4.5.1.1 Hardware / Software Setup

We ran the experiments on three different I/O subsystems — Microsoft Azure Cloud VHDs,

10K RPM SAS HDDs, and SATA SSDs. For the cloud VHD evaluation, we used a Microsoft

Azure A8 virtual machine instance [18]. The system runs SQL Server 2014 on the 64-bit Windows

O/S (Windows Server 2012 R2 Datacenter) with 48GB of memory dedicated to the DBMS. The

databases were created on a file group that spans eight 1TB VHDs. Four additional 1TB VHDs

were dedicated to the OS, the transactional log, the tempdb [11], and the BSR (Section 4.4.1),

respectively. For the HDD evaluation, all experiments were performed on a system using the

same OS and DBMS configuration as the cloud evaluation. The system has two Intel Xeon L5630

2.13GHz quad core processors. For the OS and the transactional log, we used two 146GB HDDs,

respectively. The databases were created on a file group that spans eight 300GB HDDs. Two

additional 300GB HDDs were dedicated to the tempdb, and the BSR (Section 4.4.1), respectively.

For the SSD evaluation, we used the same machine/settings as the HDD evaluation while the

databases were created on a file group that spans four 500GB SSDs instead of eight 300GB HDDs.

4.5.1.2 Workload

For the workload, we used the TPC-E benchmark [15], which is a read-intensive OLTP work-

load. We used three different sizes of dataset: 10K customers database (∼100GB), 20K cus-

tomers database (∼200GB), and 80K customers database (∼800GB). We measured the number of
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(Trade-Result) transactions executed within a second (tpsE). As per the TPC specification, we set

the recovery interval to 7 minutes. The performance is sampled every second. For MySQL and

SQLServer/Warm, we warmed up the buffer pool for a long enough time (∼3 hours) to achieve

stabilized peak performance and captured the buffer pool state. Then we shut down and restarted

the system (clean restart). In Scenario (a), MySQL and SQLServer/Warm warmed up the buffer

pool before the user queries start to run, while in Scenario (b) the user queries start right after the

recovery process is completed. In addition to this, Buffer Pool State Recorder (BSR) was added to

the regular checkpoint process, and IOPS numbers specified in Table 4.1 are used as inputs (S,R)

to the Warm-up Planner.

Figure 4.7: Example for the ramp-up time metrics.

4.5.1.3 Metrics

The goal of our framework is to reduce the ramp-up time while increasing the transaction

throughput during that period. To evaluate the effectiveness of our framework with respect to this

goal, we define two metrics:

• Peak 90% time is defined as the elapsed time for the user queries to reach 90% of peak

performance.



76

• Average throughput measures the average transaction per second (tpsE) from the beginning

of the user queries to the peak 90% time of baseline. In our experiments, we use SQL

Server’s aggressive page expansion as the baseline.

Figure 4.7 gives a synthetic example of why these two metrics are important in practice. It

shows a sketch of hypothetical throughputs (transactions per second) over time on restart. Assume

that we have three different states for the buffer pool on restart. One is an 80% warmed buffer

pool, where 80% of the hot pages are loaded to the memory before the user queries start to run.

The other two cases correspond to a 20% warmed buffer pool scenarios and a cold buffer pool

scenario. T1 is the peak 90% time for the 80% warmed buffer pool scenario, and T2 is the peak

90% time for the 20% warmed buffer pool and the cold buffer pool scenarios. In this situation, the

80% warmed buffer pool case is the best outcome since it delivers the shortest peak 90% time (T1)

as well as the highest average throughput (assume that the baseline is the cold buffer pool case).

Between the 20% warmed and the cold buffer pool scenarios, the former is better since it provides

higher average throughput than the cold buffer pool scenario, while both achieve the same peak

90% time.

4.5.2 Cloud VHD Evaluation

In this section, we evaluate SQLServer/Warm and compare it to the baseline and MySQL ap-

proaches on the cloud VHD I/O subsystem for two different scenarios (see Figure 4.2). For all three

datasets (10K, 20K, and 80K customer databases), the Warm-up I/O Planner (see Section 4.4.2.1)

returns 512KB (64 pages) as the best I/O request size.

4.5.2.1 Scenario (a)

Figure 4.8 shows the first one hour of performance behavior since the user queries started. We

only show the 10K customer dataset result since the other cases (20K and 80K customer databases)

demonstrated similar patterns. As shown in Figure 4.8, MySQL and SQLServer/Warm quickly

reach peak performance when the system restarts since the buffer pool was warmed up for those

cases. Figure 4.9 shows the total warm-up time for MySQL and SQLServer/Warm for 10K, 20K,
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Figure 4.8: Performance trend of the cloud VHD scenario (a) with 10K customer database.

and 80K customer databases. As can be seen in Figure 4.9, SQLServer/Warm reduces the warm-up

time by up to 10X compared to MySQL.

4.5.2.2 Scenario (b)

In our experiments, the Break-Even Hot Page Density (see Section 4.4.2.2) of the cloud VHD

I/O subsystem was 64KB (8 pages), and the AVG Hot Page Densities for 10K, 20K, and 80K

customer databases are 40 pages, 25 pages, and 16 pages, respectively. Therefore, all three cases

guarantee a faster warm-up behavior over the baseline by using our framework since all three AVG

Hot Page Densities are greater than the Break-Even Hot Page Density. Figure 4.10 shows the peak

90% time and the average throughput for all three on the cloud VHD I/O subsystem. As shown in

Figure 4.10, SQLServer/Warm reduces the peak 90% time by 2.98X, 2.42X, and 1.55X, and pro-

vides 1.88X, 1.35X, and 1.22X average throughput improvement over the baseline for 10K, 20K,

and 80K customer databases, respectively. With the 10K customer database, where the biggest

AVG Hot Page Density is obtained, the best performance improvement is achieved compared to

other two cases (20K and 80K). Also SQLServer/Warm reduces the peak 90% time by 2.4X, 2X,

and 1.2X and provides 1.6X, 1.1X, and 1.04X average throughput improvement over MySQL for
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Figure 4.9: Warm-up time for the cloud VHD scenario (a).

the 10K, 20K, and 80K customer databases, respectively. The reason for this improvement is be-

cause SQLServer/Warm not only warms up the buffer pool faster, but also applies the LRU-shifting

technique to hold hot pages longer and the Piggybacking technique to warm up the buffer pool with

user queries.

4.5.3 HDD Evaluation

In this section, we compare SQLServer/Warm to the baseline and MySQL on the local HDD

I/O subsystem with two different scenarios (see Figure 4.2). For all three datasets (10K, 20K, and

80K customer databases), the Warm-up I/O Planner (see Section 4.4.2.1) returns 512KB (64 pages)

as the best I/O request size.

4.5.3.1 Scenario (a)

Similar to the results on the cloud VHD evaluation, the peak performance is immediately

reached with MySQL and SQLServer/Warm when the system restarts (see Figure 4.11). How-

ever, on the HDD I/O subsystem environment, SQLServer/Warm requires more ramp-up time than

MySQL for 10K and 20K databases since MySQL takes advantage of the fast sequential read speed

of HDDs. In other words, MySQL sorts the hot pages in an ascending order based on the page ID

and reads the hot pages in a sequential manner, while SQLServer/Warm orders the hot pages based



79

(a)

(b)

(c)

Figure 4.10: Peak 90% time and AVG throughput for the cloud VHD Scenario (b).
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Figure 4.11: Performance trend of the HDD scenario (a) with 10K customer database.

on the hotness defined in Section 4.4.2.3, and reads the hot pages in a random manner. Interest-

ingly, in the case of the 80K database, SQLServer/Warm reduces the warm-up time by 2.7X over

MySQL.

4.5.3.2 Scenario (b)

In our experiments, the Break-Even Hot Page Density (see Section 4.4.2.2) for the HDD I/O

subsystem 1) is 186KB (∼23 pages), and the AVG Hot Page Densities for 10K, 20K, and 80K

customer databases are 41 pages, 24 pages, and 16 pages, respectively. Therefore, the 10K and

the 20K cases guarantee a faster warm-up speed over the baseline while the 80K case does not.

Figure 4.13 shows the speedup with the 10K and the 20K customer databases over the baseline

and MySQL methods. However, SQLServer/Warm provides almost the same performance as the

baseline with the 80K customer database. In this case, the Warm-up Estimator returns False,

thus the BSL does not issue any I/Os for preloading hot pages. Figure 4.13 shows a point that

is marked within a dotted circle. This point shows the result when BSL issues I/O requests for

preloading hot pages with the user queries, which is worse than the baseline as expected. As shown

in Figure 4.13, SQLServer/Warm reduces the peak 90% time by 2.6X and 1.4X over the baseline
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Figure 4.12: Warm-up time for the HDD scenario (a).

with the 10K and 20K customer databases, respectively. It provides a similar peak 90% time as

the baseline with the 80K customer database. The improvement difference (2.6X vs. 3X) with the

10K customer database between HDD and VHD stems from the I/O subsystem characteristics. In

other words, HDD’s throughput for random reads with 512KB I/Os is only 2.8X bigger than 64KB

I/Os, while VHDs throughput for the random read with 512KB I/Os is 8X bigger than 64KB I/Os.

SQLServer/Warm saves the peak 90% time by up to 2.3X over MySQL and provides up to 1.4X

average throughput improvement over MySQL by applying the LRU-shifting and Piggybacking as

well as utilizing faster warm-up speed (512 KB/IO × 102IOPS vs. 8 KB/IO × 342IOPS).

4.5.4 SSD Evaluation

In this section, we evaluate SQLServer/Warm compared to the baseline and MySQL on the

local SSD I/O subsystem with two different scenarios (see Figure 4.2). For all three datasets (10K,

20K, and 80K customer databases) the best I/O request size is 8KB, which is because of the fast

8KB random-read speed of SSDs. Therefore, both MySQL and SQLServer/Warm use single page

read requests when warming up the buffer pool and require the same elapsed time to warm up the

buffer pool in Scenario (a). In Scenario (b), the Break-Even Hot Page Density for SSD is 13KB

(∼1.5 pages), and the AVG Hot Page Densities for 10K, 20K, and 80K customer databases are all 1

page, which does not guarantee speedup over the baseline. In fact, in the case of the 80K database
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(a)

(b)

(c)

Figure 4.13: Peak 90% time and AVG throughput for the HDD Scenario (b).
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Scenario (b), when the BSL issues I/O requests for preloading hot pages with the user queries

it shows an 8% degradation in peak 90% time, and an average of 2.3% reduction in throughput.

However, based on the value (False) of the Estimator, the BSL does not issue I/O requests, thus

SQLServer/Warm shows the almost same performance as the baseline.

4.5.5 Discussion

4.5.5.1 The impact of LRU-shifting and Piggybacking

Figure 4.14 shows the experiments with and without LRU-shifting and Piggybacking. In both

experiments (the cloud VHD and the HDD settings with 10K customer database), SQLServer/Warm

is worse than the baseline without the LRU-shifting and Piggybacking techniques. Between these

two techniques, the impact of using the LRU-shifting is greater than that of Piggybacking based

on our experimental results.

4.5.5.2 Warm-up Planner Overhead

The sample result shown in the Table 4.6 demonstrates that the overhead associated with the

Warm-up Planner is low. This is because the Warm-up Planner and the recovery process run in

parallel.

4.5.5.3 Sustained Peak Performance

We omitted the sustained peak performance of the three cases (i.e., Baseline, MySQL and

SQLServer/Warm) because only a small performance difference was observed as expected. The

sustained peak performances of MySQL and SQLServer/Warm were within 6% of the peak per-

formance of the baseline in all experiments.

4.5.5.4 Failure Restart

In the failure restart scenario, since MySQL does not have the buffer pool state metadata, it

shows the same performance as the baseline. Therefore, we omit the experimental results with

failure restart, which is just simple comparison between SQLServer/Warm and the baseline.
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(a)

(b)

Figure 4.14: Impact of LRU-shifting and Piggybacking.
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Table 4.5: Implementation details about three buffer pool warm-up mechanisms.

Baseline MySQL SQLServer/Warm

Recording buffer X X

pool state × At clean At regular

shutdown check-pointing

(BSR)

Background process X X

to load hot pages × Sequential BSL

read

User Query with

page expansion until X X X

the buffer pool is filled

Table 4.6: Recovery time with and without the warm-up planner on restart after a clean shutdown

event with a 48GB buffer pool and an 80K customer TPC-E run in cloud VHDs.

Recovery without the Warm-up Planner 71.43 seconds

Recovery with the Warm-up Planner 72.82 seconds
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4.6 Related Work

Buffer pool preloading in MySQL [8] is similar to our framework in that it captures the meta-

data of the buffer pool pages and preloads the pre-captured buffer pool pages when the system

restarts. However, our framework addresses drawbacks in that approach such as long warm-up

time, possible early hot page evictions, user query performance saturation, and failure restarts.

Previous work has introduced techniques (e.g., [22], [29]) to reduce the ramp-up time by restarting

from SSDs. Other relevant techniques include Windows SuperFetch [47] and Bonfire [50], which

warm up the cache to reduce system boot time and application launch time. Our methods go be-

yond these to take a more holistic approach to faster restart and efficiently servicing of incoming

user queries while the restart process is in progress.
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4.7 Conclusion

Database servers restart for many reasons. Such restarts can result in a dramatic fluctuation

in performance until the buffer pool is warmed up. This is a serious issue in settings where one

has to start servicing incoming queries as quickly as possible. In this chapter, we proposed a

set of mechanism to improve the behavior of database servers/services when restarting. We have

compared our framework to other existing approaches (SQL Server’s aggressive page expansion

and MySQL’s buffer pool preloading), and conducted an evaluation of these approaches, with a

variety of I/O subsystem settings (cloud VHDs, HDDs, and SSDs) using an OLTP workload (TPC-

E). Our empirical evaluation demonstrates that our new mechanism reduces the time to regain peak

performance by a factor of 2X or more with cloud VHDs and local HDDs.
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Chapter 5

Conclusions and Future Work

In this thesis, we have suggested alternative solutions to achieve high performance data process-

ing by saving the expensive data movement cost in a data processing platform. We have integrated

those solutions into existing database systems.

5.1 Conclusions

5.1.1 Moving Computation Closer to the Storage

Modern SSDs pack CPU processing and DRAM storage components inside the SSD to carry

out the routine functions (such as managing the FTL logic) for the SSD. Thus, there is a small

programmable computer inside a SSD device, presenting an interesting opportunity to move com-

putation closer to the storage. The I/O bus standards (such as SAS, SATA, and PCIe) evolve slower

than the speed of the internal network that is used inside the SSD. Without mechanisms to push

computation inside the flash SSD, we are essentially doomed to be “drinking from a narrow straw”

when using SSDs for data intensive workloads.

In Chapter 2 and Chapter 3, we explored how relational and non-relational database systems

can exploit Smart SSDs. We have built prototypes of SQL Server and Hadoop that selectively

push computation (i.e., relational query operations and Map tasks) to Smart SSDs. We also present

results that show how using the Smart SSD in this way improves not just the performance, but

also reduces the energy that is required for data processing. As energy consumption is a critical

factor for database appliance and cloud services, using Smart SSDs also provides an interesting

opportunity to design energy-efficient data processing systems.
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5.1.2 Aggressive Buffer Pool Warmup on Restart

Database servers restart for many reasons. Such restarts can result in a dramatic fluctuation

in performance until the buffer pool is warmed up. This is a serious issue in settings where one

has to start servicing incoming queries as quickly as possible. In this chapter, we proposed a

set of mechanism to improve the behavior of database servers/services when restarting. We have

compared our framework to other existing approaches (SQL Server’s aggressive page expansion

and MySQL’s buffer pool preloading), and conducted an evaluation of these approaches, with a

variety of I/O subsystem settings (cloud VHDs, HDDs, and SSDs) using an OLTP workload (TPC-

E). Our empirical evaluation demonstrates that our new mechanism reduces the time to regain peak

performance by a factor of 2X or more with cloud VHDs and local HDDs.

5.2 Future Work

There are still many interesting open directions for future work. In Chapter 2, we explored

and quantified the potential advantages of using Smart SSDs for a relational database management

system. Thus, an interesting direction for this part of the thesis is to examine the impact of running

concurrent queries inside the Smart SSD. Furthermore, studies on appropriate designs for a query

optimizer, a transaction manager, and a buffer pool manager inside the Smart SSD would be an

interesting direction for future work.

Using Smart SSDs in a distributed data management system (presented in Chapter 3) requires

extension of our cost model to include data movement cost between Smart SSDs. Quantifying

the benefits of using Smart SSDs from the overall price/performance perspective would be another

interesting future work in this chapter.

Finally, the work in Chapter 4 was evaluated using a standalone SQL Server instance. However,

integrating our new framework into real cloud database systems such as Azure DB is an interesting

direction for future work. In cloud settings, system restarts are more frequent due to operational

considerations, such as the need to move a database service from one machine to another. Such
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restarts result in performance degradation as the restarted service starts with a cold buffer pool.

Therefore, our new framework would be helpful to mitigate the performance degradation at restart.
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