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ABSTRACT

Data is exploding at an exponential rate, accompanied by an increase in consumption of re-
sources to store and process the data. Being resource-efficient is a critical aspect of systems for
data analytics. To this end, we investigate three opportunities of improving the resource efficiency
arising from 1) adapting to the hardware, 2) adapting to the workload, and 3) re-evaluating the
abstractions provided by the system.

For (1), we study widely used storage devices, namely solid state drives (SSDs). The internal
operation and algorithms used by commercial SSDs are not readily accessible to the user, and we
develop novel benchmarks to uncover an SSD’s hidden parameters. Learning hidden parameters
allows us to improve the SELECT operation performance of SQLite3 and MariaDB by 29% and
27% respectively on the Samsung 960 Evo SSD, while also increasing the lifetime of the SSD.

For (2), we study the hash table — a data structure which is widely used in systems for data
analytics. Real-world workloads often have skew, i.e., some keys are accessed more frequently than
others. We develop mechanisms to adapt the hash table to skew in the workload in a completely
online fashion, resulting in improved cache-efficiency. The proposed technique called VIP Hashing
reduces the end-to-end execution time of TPC-H query 9 on DuckDB by 20%.

Lastly, for (3), we focus on dataframe libraries used for data analysis. Inspired by the fun-
damental technique of normalization used in relational database systems, we describe a technique
called splitting to improve the memory efficiency of dataframes. In our experiments, we found that
notebooks running on split dataframes in the Ibis library observe a decrease in memory usage of

19-23% compared to running on regular dataframes.



Chapter 1

Introduction

1.1 The Landscape of Data Analytics

Data analytics is the pursuit of extracting insights from data, targeted towards answering ques-
tions like — how many? when? where? what would happen if? and so on. Organizations utilize
data analytics to extract information from raw data, to make informed business decisions, propose
strategies, and optimize performance.

Fig. 1.1 shows the landscape of tools used for data analytics. One large class of systems for data
analytics are data warehouses. Popular data warehousing solutions such as Amazon Redshift [reda,
Snowflake [DCZ*16], and Google BigQuery [big] enable extracting insights from petabytes of data,
and typically have a SQL-based relational interface. On the other end of the spectrum, systems
such as NumPy [HMvdW*20] and Matlab [The21] provide a matriz-based interface, and are used
to perform linear algebra operations for machine learning (ML) tasks. Typically, these matrix-
based systems operate on a single machine, and the amount of data processed is limited by the
amount of RAM on the machine (a few 100GB). Another emerging class of solutions, constituting
systems such as Pandas [pan| and Polars [pol23], provide a dataframe interface that facilitates both
relational and linear algebraic operations on tabular data. Dataframe-based systems have been
growing in popularity over the past decades [PZK"22|, and different dataframe systems support
different abstractions, i.e., there is no standardization of the dataframe model at present.

In order to scale to large datasets, single-node systems such as Matlab [The21] and Pandas [pan]
(as Dask [das] and Modin [PML"20]) utilize frameworks for large-scale execution over clusters of
machines, such as Hadoop [had], Ray [MNW*17], and Apache Spark [ZXWT16]. Alongside the
core solutions for data processing, a host of associated solutions such as for data visualization, data
integration, workflow management, flexible storage, data governance and model management are

needed (Fig. 1.1) to realize data analytics at the enterprise-scale.
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1.2 Resource Efficiency is Key Going Forward

Data is growing at an exponential scale. A recent survey [IDC20] estimated that the total
volume of data in the world will cross 180 zettabytes (1 zettabyte = 1 million petabytes) in 2025
(Fig. 1.2), and this trend is expected to continue going forward.

Processing exponentially increasing data requires a corresponding increase in resources con-
sumed and power expended. Consider the example of operating datacenters in the USA. The an-
nual power consumption to operate these datacenters was 180 billion kWH [Rad17] in 2022, which
corresponds to about $2/ billion. To compound the problem, power consumption is expected to
increase going forward with the end of Moore’s law [Sch97], and power consumption is just the tip
of the iceberg in terms of resources consumed, which also include the cost of infrastructure, data
movement, and human hours to name a few.

An implication of this trend is that the impact of being resource-efficient is exponentially am-
plified. Consider the previously discussed example of power consumption in data centers — a 5%
improvement in performance corresponds to a significant amount of 0.05 x $24 billion = $1.2 billion
savings overall. Thus, resource efficiency is an important aspect of systems for data analytics, and

it is going to become increasingly important going forward.

1.3 Oppurtunities for Resource Efficiency

In our work, we focus on improving the resource efficiency of systems for data analytics. As

part of our work, we explore three avenues for being resource-efficient:

e Adapting to the hardware (Chapter 2) — We consider the case of solid state drives (SSDs)
which are widely used persistent storage devices. Given that manufacturers of commercial
SSDs do not reveal the internal operation and algorithms used by the device, each model
of SSD has unique properties and hidden parameters. Learning these hidden parameters
through external measurement can enable efficient utilization of the SSD to obtain better
performance and/or increase the lifetime of the device. In our work [KPPK20], we developed
novel benchmarks to uncover the hidden parameters of SSDs, and were able to use this
information to improve the performance of database systems on commercially available SSDs.

e Adapting to the workload (Chapter 3) — Data structures can be made more resource-
efficient by adapting to the characteristics of the workload. In our work, we consider the case
of the hash table data structure, which is widely used in many systems such as relational
databases, graph databases and key-value stores to name a few. Skew is a frequently encoun-

tered phenomenon in real-world workloads, where some keys are accessed more frequently



than the rest (hot vs cold keys). We show that by adapting the hash table to the skew in the
workload, the data structure can be made more cache-efficient and their performance can be
significantly improved. We developed VIP Hashing [KPKP22a], a hash table method which
incorporates mechanisms to learn the skew on-the-fly and adapt the hash table configuration
in a completely online manner.

e Re-evaluating the abstractions provided by the system (Chapter 4) — The use of
dataframe-based systems has been growing over the past years owing to the popularity of
performing ML tasks on tabular data. We evaluate the abstraction of dataframes to study how
their structure can be made more memory-efficient. Inspired by the process of normalization
utilized by relational database systems, we describe a technique called splitting to improve the
resource efficiency of dataframes under the hood while retaining the same interface as regular
dataframes. Splitting dataframes reduces redundancy in the data, and improves memory

efficiency as shown in our implementation of split dataframes in Ibis.

In the subsequent chapters, we describe our work towards building resource-efficient systems
by exploring each of the avenues for improvement discussed above. Through our work, we aim to
highlight how improving the synergy between the system, the hardware, the workload, and user

requirements can improve the resource efficiency of the system.



Chapter 2

Optimizing Databases by Learning Hidden Pa-
rameters of Solid State Drives

2.1 Introduction

Solid State Drives (SSDs) are widely used persistent storage devices, typically built with NAND
Flash [SSD] and more recently with 3D XPoint memory [intb]. They are integrated circuit assem-
blies with no mechanical parts, and are faster than hard disks as a result [Bla, Bax, Her]. The
behavior of SSDs is greatly influenced by their hierarchical architecture (see §2.2.1), and the prop-
erties of the storage medium used (see §2.2.2). For instance, a distinctive feature of SSDs is the
abundance of internal parallelism, which is a consequence of their hierarchical organization.

Behind the block interface of SSDs, the internal operation and the organization of flash memory
varies from one device to another. There is no silver bullet when it comes to completely determining
the internal operation of an SSD. Different manufacturers use different internal policies with hidden
parameters, which results in a spectrum of device characteristics. However, external measurements
can be used to study these characteristics, and can sometimes reveal information regarding the
internal parameters of the device.

While previous work (see §2.2.2) prescribes general guidelines to use SSDs effectively, it is pos-
sible to further optimize an application for a specific device by studying its unique characteristics.
We aim to describe ways to learn hidden parameters of an SSD, and demonstrate how these pa-
rameters can be used to optimize a system for a given device. The benefits of optimizing a system
for an SSD are twofold: it can improve the immediate performance of the system through better
utilization of the SSD’s internal parallelism, and can have long-term benefits such as increasing the
lifetime of the SSD.

To motivate why optimizing for a particular SSD could be useful, consider a datacenter with a
million SSDs of the same make [XSY*] running a common service. Let us assume that the average

lifetime of an SSD in the fleet is one year [MWKM15]. A 1% improvement in lifetime would equal



an additional 3.65 days for an individual SSD, but 3,650,000 machine days for the whole fleet.
Thus, even the slightest improvement in lifetime (or performance) by optimizing the service for
that particular make of SSD can cumulatively be very beneficial.

Our contribution towards optimizing a system for a given SSD consists of the following three

parts (described in detail in §2.3):

1. Obtaining SSD characteristics and learning internal parameters (§2.3.1): We study
two different characteristics of an SSD, namely the request size profile (§2.3.1.1) and the location
profile (§2.3.1.2, [CLZ11]). From these characteristics, we learn five different internal parameters:
the desirable write request sizes, the stripe size, the chunk size, the flash page size, and hot
locations in the logical address space. We have performed experiments on SSDs from four
different manufacturers, and the internal parameters learned have been summarized in Table
2.1.

2. Proposing rules to analyze the I/0 patterns of a system (§2.3.2): Informed by the
parameters learned, we propose rules (§2.3.2.1) to analyze the I/O behavior of a system when
running on a particular SSD. These rules depend on the internal parameters, and thus vary
between devices*. By identifying I/O calls that violate these rules, we uncover sub-optimal
patterns that could potentially be corrected to improve performance.

3. Optimizing disk data structures to improve performance (§2.3.3): We examine the
data structures used by the system, and describe techniques to modify them such that the
sub-optimal I/O patterns found are eliminated. We present three techniques (§2.3.3), namely
use-hot-locations (Fig. 2.10), write-aligned-stripes (Fig. 2.12), and contain-write-in-flash-page
(Fig. 2.11).

In our work, we have studied two popular open-source databases, namely SQLite3 [Hip] and Mari-
aDB (with InnoDB storage module) [Marb, inna]. While the former is a minimalistic database en-
gine with uses spanning from mobile applications to data science platforms like pandas [pan, sqlc],
the latter is widely deployed in multiple large-scale enterprises [mara|. We apply the proposed rules
to study these database engines, and present techniques to optimize them on our experimental SSDs.
These techniques have been evaluated in §2.4.

Applying the technique use-hot-locations to optimize SQLite3 and MariaDB on SSD-S increased
their SELECT operation throughput by 29% and 27% respectively in the presence of memory
buffering (§2.4.1). In addition to this, we benchmarked MariaDB using YCSB [CST*10], and

obtained an improvement in performance ranging from 1%-22% for different workloads (Fig. 2.14b).

*We refer to a particular make of an SSD as “a device”.



Table 2.1: SSDs used in experiments and their internal parameters learned. In all expressions used,
1 is an integer. The desirable write request sizes and the stripe size are learned from the request
size profile (§2.3.1.1), whereas the chunk size, hot locations and the flash page size are learned from
the location profile (§2.3.1.2).

Desirable Write | Stripe | Chunk Hot
Label Name Interface
Request Sizes Size Size Locations
S 960 64KBx1
SSp-g | TS NVMe 32KB xi 64KB | G4KB o
EVO 32KB
Intel Optane . .
SSD-I NVMe 1KBxi - 4KB 4KBxi
905P
SSD-T | Toshiba XG5 NVMe 64KBx1 64KB 4KB 4KBxi
SSD-M | Micron M500 SATA 64KBx1 64KB 4KB 4KBxi

On the other hand, the techniques write-aligned-stripes and contain-write-in-flash-page reduce the
device wear out caused by the log files of SQLite3 and MariaDB by 3.1% and 6.7% respectively
(§2.4.2). Thus we demonstrate that the knowledge of internal parameters can be used to tune a

system for a given SSD.

2.2 Background

In this section, we give an overview of the hierarchical architecture of SSDs (§2.2.1), followed
by an in-depth discussion on their internal operation (§2.2.2). We also discuss some common

recommendations for applications informed by the general structure and behavior of SSDs.

2.2.1 The Hierarchical Architecture of SSDs

Figure 2.1 shows the architecture of an SSD. The Flash Translation Layer (FTL) is a key
component responsible for managing the resources inside the SSD (Fig. 2.1a). Internally, NAND
flash cells are aggregated into larger units of flash pages (Fig. 2.1b), which usually range from 2KB
to 16KB in modern SSDs [Sam, HKADADI17, Tal]. Flash pages are further aggregated into flash
blocks, which are typically in the order of MBs in size. Flash pages and blocks are the smallest

units of read(write) and erase operations respectively inside an SSD (discussed further in §2.2.2).
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(a) The architecture and internal operation of an SSD. The Host issues commands to the SSD through the
interface (NVMe, SATA, etc). The FTL processes the commands and issues events to the flash control,
which operates the multiple internal channels (buses). The RAM cache controlled by the FTL is used for
intermediate storage during the operation of the SSD. Together, the FTL and Flash Control constitute the

SSD controller.
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(b) Hierarchical organization of flash memory inside a flash package. Attached
to each channel inside an SSD are multiple flash packages. Each flash package

has multiple chips, which in turn have multiple planes. Each plane has multiple

flash blocks, each of which is a collection of flash pages (size 2KB to 16KB).

Figure 2.1: The architecture of an SSD and hierarchical organization of flash memory. The block
interface is implemented by the Flash Translation Layer (FTL). Flash pages (typically 2KB to
16KB in size) and flash blocks (order of MBs) are the unit of read (write) and erase operations

respectively, and are fixed for a device. Flash memory is organized hierarchically over channels,

packages, chips, and planes (in that order).
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This hierarchical organization of flash memory is typical to SSDs! (Fig. 2.1), and greatly
influences their behavior. SSDs have multiple internal channels (i.e., buses) which can be operated
independently, each of which is shared by multiple flash packages (also known as dies). Each flash
package consists of chips, which in turn consist of multiple planes. Overall, we have four levels of

internal parallelism, corresponding to each level of the storage hierarchy:

e Channel-level: Multiple internal channels (or buses) can be operated simultaneously and inde-
pendently. Each channel is operated by at most one attached flash package at any time.

e Package-level: Access to all the packages on a single channel can be interleaved, and commands
can be processed by packages simultaneously.

e Chip-level & Plane-level: Chips inside a flash package, and planes within chips can be accessed

simultaneously.

The choice of physical parameters like the size of flash pages, number of channels, as well as the
logic of the FTL are trade secrets of SSD manufacturers. Although the specific details may vary
from one make of SSD to another, the internal operation follows similar principles informed by the

properties and organization of flash memory.

2.2.2 Internal Operation of SSDs and Common Recommendations
for Applications

Three important low-level operations inside an SSD are read, write/program, and erase. Read
and write operations are executed in units of flash pages. Unlike HDDs, flash memory is never
overwritten directly; it has to be erased before writing again®. The erase operation is performed in
units of flash blocks, and data is written sequentially in an erased block in units of flash pages. The
number of write-erase operations that can be performed on flash memory are limited, thus causing
the SSD to wear out over time.

The FTL is responsible for implementing the block interface of SSDs. This requires the FTL to
physically store the data onto the flash memory®, and also maintain the the mapping of the logical

block address to the physical flash address (logical-to-physical address mappings) where data stored.

"Intel Optane SSD (SSD-I in Table 2.1) is not flash based. It is built with 3D XPoint Memory, but also

has a hierarchical internal architecture with multiple channels [HEVW17].
fHowever, Intel’s 3D XPoint Memory need not be erased before being overwritten.
$Aside from managing the physical layout of data, the FTL is also responsible for various background

tasks like garbage collection and wear leveling [CPPT09].
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(a) Satisfying a read request. The SSD performs address translation by fetching the neces-

sary logical-to-physical address mappings. Once the physical address(es) is(are) obtained,
the flash pages containing the required data are fetched. The result for the read request is

assembled and returned.
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Fetch .
; pages with data, the new
Write address o . Return
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(b) Satisfying a write request. The SSD first performs address translation by fetching
the necessary logical-to-physical address mappings. If the write request overwrites existing
data, the flash pages containing the existing copy of the data are fetched. The updated
data is assembled and written to flash memory. The address mappings corresponding to

the updated data are persisted and the older mappings invalidated.

Figure 2.2: Steps performed internally by an SSD to satisfy a read and write request.

Thus, the FTL plays a critical role of deciding the physical layout of data on flash memory, which
is important in determining the immediate performance of the SSD.

Figure 2.2 details the steps performed by an SSD to satisfy a read/write request. In both cases,
address translation is performed by fetching the (logical-to-physical) address mappings correspond-
ing to the logical address, followed by fetching the flash pages (if any) containing data. Accessing
flash pages takes a significant portion of the time in satisfying a request. Hence the physical layout
of data in the flash memory hierarchy, as well as the number of flash pages internally accessed is
important in determining the immediate performance of an SSD (see Fig. 2.5 for an example).

SSD manufacturers have varying F'TL implementations with different physical data layout poli-
cies. However, the following recommendations for applications have been made [APW™, CKZ09,
CLZ11, HKADADI17, KSJ"12] based on the general operation of SSDs:

o Issue large or sequential write requests. This allows the SSD to have more compact address
mappings by storing information for larger logical units (clustered pages [CGS09, KSJ*12] instead
of flash pages).

e Issue write requests with temporal locality. This can result in faster address translation
for subsequent read requests, as the address mappings are likely to be co-located and already
present in the SSD’s RAM cache.
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e Issue large or multiple concurrent read requests. Large read requests are likely to span
over multiple sub-units inside an SSD, utilizing internal parallelism. The same holds true for
multiple concurrent read requests.

e Issue large or multiple concurrent write requests. This leads to better utilization of the
internal parallelism of the SSD, and better performance as a result.

o Issue sequential read requests. SSDs often prefetch data internally [UCH12|, resulting in
better performance for sequential accesses.

e Issue aligned write requests that are multiples of the flash page size. For these requests,
the SSD can skip fetching the existing pages being overwritten completely (step 2 in Fig. 2.2b).
In contrast, requests smaller than the flash page size would need to be padded to fill the page
causing write amplification, as more flash memory is being used than necessary. This can also

cause read amplification for subsequent read requests.

The last recommendation requires knowledge of the flash page size, which is a hidden internal
parameter of an SSD and is not readily shared by the manufacturers. Our aim is to go beyond
generic recommendations, and make recommendations specific to a device by learning its charac-

teristics through measurements (see §2.3.2).

2.3 Optimizing Databases for an SSD

In this section, we describe our approach towards optimizing databases for an SSD. We first
measure the SSD’s characteristics and learn some internal parameters (§2.3.1). Informed by these
parameters, we describe rules to identify any sub-optimal I/O requests issued by the database engine
(§2.3.2). Finally, we propose techniques to eliminate these sub-optimal I/O requests, and improve
the performance of the database engine on the SSD (§2.3.3). The SSDs used for experiments in this
section, as well as their parameters learned have been summarized in Table 2.1. SSD-S, SSD-T,
and SSD-M are NAND flash based, whereas SSD-I is built with 3D XPoint memory.

2.3.1 Learning SSD Parameters

We study two types of characteristics of an SSD, which help us infer various internal parameters.
First, we describe how to obtain the request size profile (§2.3.1.1), from which we learn the desirable
write request sizes and the stripe size of an SSD. Next, we obtain the location profile (§2.3.1.2) of

the SSDs, from which we identify their respective chunk sizes, hot locations, and flash page sizes.
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Experiment 1 The Request Size Profile of an SSD

1: procedure GETREQUESTSIZEPROFILE

2:

10:
11:
12:
13:
14:
15:
16:

17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:

32:

/* Generate files with increasing request sizes */
fileSize + 1GB
filesCreated < ||
numkFiles < 10
for fld in 1:numFiles do
requestSize < 21—V KB
filename < {requestSize}-seq
file < open(filename)
filesCreated.append( filename)
numReqs « fileSize/requestSize
for ¢ in 7:numRegs do
data <— malloc(requestSize)
of fset < (i — 1) x requestSize
write(file, data, of fset)
fsync(file)

// Issue read requests to the files in a random
// order to avoid read-ahead inside the SSD
readReqSize < 1M B
numReadReqs < fileSize/readReqSize
randOrder < random_shuf fle(1 : numReadReqs)
for filename in filesCreated do
file < open(filename)
latencies « [ |
for idz in randOrder do
of fset < (idx — 1) x readReqSize
startTime < time.now()
data < read(file,readReqSize,of fset)
endT'ime « time.now()

latencies.append(endTime — startTime)

plot(latencies, filename)
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Figure 2.3: The Request Size Profile of SSD-S, SSD-T, and SSD-I. We learn the stripe size and

desirable request sizes from Experiment 1.



15

~ 250007 1§ e
3
%20000
= * :
%15000
-l
= 10000{ ) 4 * . &
@
o N ——
% 5000 . +
_L_ L i = Pl —
&> %@o, & S & & > & c’@o. %@0,
7 rd 7 7 ¥ 4 Y 7 7 > 4 7
PR P F PP P PGP
N > o N N
N V )
File name

(a) SSD-M. Request sizes 64KB and up are desirable. The latency becomes roughly constant after
request size 64KB, indicating that it is the stripe size.
Figure 2.4: The Request Size Profile of SSD-M. We learn the stripe size and desirable request sizes

from Experiment 1.

2.3.1.1 The Request Size Profile

Experiment 1 describes how to obtain the request size profile of an SSD. We start by creating
files of size 1GB with sequential write requests of sizes ranging from 1KB to 512KB (filename
512kb-seq refers to a 1GB file created with sequential write requests of size 512KB; likewise for
other request sizes). Following this, the latency of read requests to all the files is measured. This
experiment helps determine which write request sizes are desirable for a given SSD; a higher latency
of read requests indicates an undesirable write request size during file creation.

Fig. 2.3 and 2.4 show the request size profile of all the SSDs, and we find that different devices
have different characteristics. For a given SSD, we identify the request size at which minimum
latency is attained, and all sizes greater than that, as desirable write request sizes. Two factors
contribute to higher latency of a read request, namely read/write amplification and higher address
translation time. The request size at which the lowest latency is obtained suggests absence of these
factors, and is thus desirable. Thus, for SSD-S, request sizes 32KB and above are desirable, whereas
for SSD-T and SSD-M, the desirable request sizes are 64KB and above.

Next, we attempt to learn the stripe size of the SSDs. We define the stripe size as the unit
of decision of physical layout inside an SSD. Two (aligned) stripes of data have similar layout in
terms of the sub-units occupied at each level of the flash hierarchy. The latency of read requests
depends on the internal parallelism utilized inside the SSD, which in turn depends on the physical
layout of data. Thus, similar latency of read requests indicates a similarity in physical layout of
data. Therefore, for SSD-T, files 64kb-seq to 512kb-seq have similar physical layout, indicating that
64KB is the stripe size. By a similar argument, the stripe size of SSD-S and SSD-M is also 64KB.
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Unlike the others, SSD-I has constant latency for all the files. Flash-based SSDs can incur
read/write amplification, as flash pages are units of read/write operations. However, unlike flash
memory, Intel’s 3D XPoint memory is byte-addressable and need not be erased before overwriting,
and this is perhaps the reason behind the difference in SSD-I’s behavior. Although we find that
none of the request sizes are particularly undesirable for SSD-I, this experiment is insufficient to

learn its stripe size.

2.3.1.2 The Location Profile

We define the chunk size of an SSD as the amount of contiguous data stored on a single channel.
Due to the hierarchical architecture of SSDs, the latency of read requests (of chunk size) can vary
at different logical address locations. Fig. 2.5 shows the multiple cases that can arise. If a request
internally spans over multiple channels, its latency can be relatively lower or higher depending on
the flash page size and chunk size of the SSD. This is the motivation behind Experiment 2, which
is inspired by Chen et al. [CLZ11].

In the experiment, we repeatedly guess a chunk size and issue read requests (of chunk size)
at different logical address locations, giving rise to the location profile of an SSD (for that chunk
size). We define an offset group as the group of logical addresses with the same relative offset into a
chunk?. If a significant variation in latency between different offset groups is observed, it indicates
an influence of channel-level parallelism in some form.

Fig. 2.6 shows the result of this experiment. For SSD-S, we observe that for a chunk size of
64KB, offset group 32KB has 39% lower latency than offset group 0. Thus, the 32KB location group
constitutes the set of hot locations on SSD-S. This behavior is similar to Fig. 2.5¢, where channel-
level parallelism helps reduce latency. On the other hand, the remaining SSDs have behavior similar
to Fig. 2.5d with minimum latency at offset group 0, with a flash page size and chunk size of 4KB.
We find that the reduction in latency at hot locations varies from one device to another, and this

has been reported in Fig. 2.6.

2.3.2 Rules to Analyze Database I1/O Patterns

In the previous section, we described how to learn some internal parameters of an SSD. In this
section, we use these parameters to propose rules for applications when running on a given SSD
(§2.3.2.1).

IFor example, offset group 1KB for chunk size 4KB refers to all logical address locations of the form
4KBxi+1KB.
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Experiment 2 The Location Profile of an SSD

1: procedure GETLOCATIONPROFILE

2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

22:

23:

filename <— 512K B-seq
file < open( filename)
fileSize + 1GB
chunkSizeMin < 4K B
chunkSizeMax < 512K B
offsetUnit < 1K B
expChunkSize < chunkSizeMin
while expChunkSize <= chunkSizeMax do
numChunks < fileSize/exp ChunkSize
randChunks < random_shuffle(1:numChunks)
numOffsetGroups < chunkSize/offsetUnit
for i in 0:(numOffsetGroups-1) do
latencies < ||
for j in randChunks do
chunkOffset<— (j — 1) x chunkSize
offset <—chunkOffset+ix offsetUnit
startTime < time.now()
data < read(file,chunkSize,offset)
endTime < time.now()

latencies.append(endT'ime — startTime)
plot(exp ChunkSize, latencies, offsetGroup=i)
expChunkSize < 2 x expChunkSize
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Figure 2.5: Impact of channel-level parallelism on the latency of read requests at different logical
address locations. If the flash page size is smaller than the chunk size, channel-level parallelism
reduces latency by doubling the bandwidth (Fig. 2.5¢). Otherwise, it increases latency due to read
amplification (Fig.2.5d).



400 1 *

350 1

300 A

2504

200+

150+

NI
& FFP P F P S
Relative Offset in a 64KB chunk
(a) SSD-S. Latency of reads at offset
group 32KB is 39% lower than offset
at group 0. The chunk size is 64KB,

and the hot locations are at offset group
32KB.

131  « . .
“12 * *
;11- —_— —_—
10 ~ + +
9
(I) HI(B ZII(B 3II(B

Relative Offset in a 4KB chunk

(¢) SSD-I. Latency of read requests at
offset group 0 is 9% lower compared to
others. The chunk size is 4KB, and the

hot locations are at offset group O.

Experiment 2.

225
2001
175 4
150+
125 4
100+
751
50 1
25

0 1KB 2KB 3KB
Relative Offset in a 4KB chunk

(b) SSD-T. Latency of read requests at
offset group 0 is 38% lower compared to
others. The chunk size is 4KB, and the

hot locations are at offset group 0.

+ + 3

200 +
180 *

+
160 -
140
120

0 1KB 2KB 3KB

Relative Offset in a 4KB chunk

(d) SSD-M. Latency of read requests
at offset group 0 is 20% lower compared
to others. The chunk size is 4KB, and

the hot locations are at offset group 0.

19

Figure 2.6: The Location Profile. We learn the chunk size and hot locations of the SSDs from
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We first run a benchmark experiment (§2.3.2.2) to obtain the I/O patterns of a database engine,
followed by applying the rules to analyze the I/O requests (§2.3.2.3 and §2.3.2.4). Requests that
violate the rules are considered sub-optimal, and identifying such requests reveals opportunities for
improving the performance of a database engine on a particular SSD. Thus, by using this approach,
we study SQLite3 and MariaDB on two of our experimental SSDs, namely SSD-S and SSD-T, and
we find sub-optimal I/O patterns in both of these database engines.

2.3.2.1 Rules to Identify Sub-Optimal I/O Requests

We propose the following rules for applications to follow when issuing I/O requests to a particular
SSD. Requests violating these rules are considered sub-optimal.

e Rule 1: Issue write requests that are multiples of the minimum desirable write request size.
Requests not obeying this rule either cause write amplification, or require more flash memory for
storing logical-to-physical address mappings.

e Rule 2: Issue read requests of chunk size at hot locations whenever possible. Hot locations in
the logical address space provide significantly lower latencies, and the application should use this
advantage if it can.

e Rule 3: Issue write requests aligned with stripe boundaries, preferably of stripe size. Overwriting
stripes completely is desirable, as any existing data and address mappings can be invalidated
without fetching additional flash pages. Also, unaligned requests can disturb the regularity of
hot locations (discussed further in Rule 4).

e Rule 4: Do not issue unaligned write requests of chunk size. The distribution of chunks over
channels determines where hot locations occur in the logical address space. Issuing write requests
not aligned with chunks can destroy the regularity of hot locations.

e Rule 5: Issue write requests such that the number of flash pages modified are minimum. For
instance, write requests smaller than the flash page size will internally be padded up to a page,
and thus require at least a single flash page. However, a small write request spanning two flash
pages will require modifying both the pages, causing greater write amplification than necessary,
and should be avoided.

It should be noted that these rules help with maximizing the performance of the SSD alone.
However, the requirements of the application also need to be considered for an overall improvement
in performance. For instance, it would be incorrect to conclude that the database engine should
always issue an I/O of 64KB (stripe size) instead of say, 16KB. Doing so might entail more I/O

time than necessary and could degrade the overall performance.
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Figure 2.7: I/O profile of SQLite3 and MariaDB B*-Tree index files during an iteration of the
benchmark experiment for a BT-Tree page size of 64KB. Pages are laid out contiguously in the
index file, resulting in aligned requests that are multiples of 64KB. Both the databases violate Rule

2, as read requests are not issued to hot locations on SSD-S.

2.3.2.2 The Benchmark Experiment

We run a benchmark experiment and record the I/O calls issued by the database engine for
subsequent analysis using the above rules. This experiment helps isolate the insert/select operation
throughput of the database engine as a measure of its performance. The experiment starts with an
initial database containing 10 million key-value pairs in a single table. The key and value sizes are
32-byte and 100-byte respectively, and the initial size of the data is about 1.2GB. The experiment
involves a single client running multiple iterations, with each iteration containing the following two
phases:

1. Insert 50,000 new key-value pairs into the database in a random order.
2. Run 50,000 select queries generated randomly on the set of keys present in the database.

The size of the database increases by about 6MB (50,000 x 132B) during an iteration. The
same workload has been run in all cases by using a fixed random seed. All the select operations
are run in the same transaction, whereas the number of insert operations per transaction varies
(details regarding this have been specified wherever applicable).

This experiment is similar to SQLite’s benchmarking of its backend library [lsm]. However,
informed by previous work [PMC17], we perform operations on a non-empty database instead.
Required measurements (like measuring insert/select operation throughput, recording 1/0 calls

using strace [str], etc.) are made during the experiment.
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2.3.2.3 Analyzing the I/O behavior of B"-Tree Indices

We study the I/O calls issued by SQLite3 and MariaDB to their primary index database files,
to find any sub-optimal requests violating the rules (§2.3.2.1) on SSD-S. In both of these systems,
the primary index file is structured as a BT-Tree [sqlb, innb], and is divided into database pages.
Each database page corresponds to a node in the BT-tree (Fig. 2.10a), and the leaf nodes contain
data rows.

We investigate the 1/O behavior of both the database engines for a BT-Tree (database) page
size of 64KB. This matches the stripe size of most of our SSDs, which will be useful for a more
comprehensive discussion involving the proposed rules. A single iteration of the benchmark exper-
iment (§2.3.2.2) has been run with each insert operation in a separate transaction. Both database
engines have been run in their default journaling modes (i.e, rollback journaling for SQLite3, and
undo/redo logging in MariaDB w/InnoDB).

Fig. 2.7a shows the write requests made by both database engines to their corresponding
primary index files. We see that all the write requests are issued at aligned offsets, and are a
multiple of the stripe size of SSD-S (64KB). Thus, none of the rules have been violated while
issuing write requests.

Fig. 2.7b shows the read requests issued to the BT-tree index file by both the engines. The read
requests of size 64KB at aligned offsets correspond to accessing pages from the index file. These
requests violate Rule 2, as they are not issued to hot locations on SSD-S. The smaller read requests
of size 100B and 4B are issued by SQLite3 to its database header. These requests are much smaller
than a flash page and will cause read amplification. MariaDB doesn’t issue any small read requests

to its BT-Tree database file.

2.3.2.4 Analyzing the I/O Behavior of Log Files

We consider the logging behavior of SQLite3 and MariaDB on SSD-T. We have studied SQLite3
in its write-ahead logging (WAL) model [wal], whereas we run MariaDB in its default mode in-
volving undo/redo logging.

Fig. 2.8a show SQLite3’s write requests to the WAL file. The 64KB requests correspond to
writing dirty database pages to the log, and the smaller write requests of 24B (which violate Rule
1) are for writing the log frame headers (Fig. 2.12a). Both these requests are increasingly unaligned

with stripe boundaries, and violate Rule 3. All read requests (Fig. 2.8b) are of size 64KB, and are

ISQLite3 in the rollback journal mode issues a mix of small and large writes to the log, similar to the WAL

mode (see Fig. 2.8a). However, we only study the WAL file as a representative example.
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Figure 2.9: Write profile of MariaDB/InnoDB logs. The logs are contained in three files: (1) the
System Tablespace file contains the undo log, doublewrite buffer, and the change buffer, (2) the
Redo Log, and (3) the Binary Log for database replication. Read requests to these files follow a
similar pattern. Write requests to the system tablespace file are multiples of 64KB (stripe size for
SSD-S) aligning with internal stripes, and don’t violate any rules. The write requests to the redo
log are of size 512B (aligned with 512B boundaries), and violate Rules 1 & 3. The binary log on

the other hand contains small write requests of varying sizes, which violate Rules 1, 3, and 5.
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increasingly offset into the stripe boundary. These requests are not issued at a 1KB boundary, and
will cause read amplification inside the SSD.

Compared to SQLite3, MariaDB has multiple log files to provide MVCC (undo logs), ensure
crash recovery (redo logs) , avoid broken pages (doublewrite buffer), and provide log shipping to
replicas (the binary log). These logs are contained in different tablespace files described in Fig. 2.9,

and the I/O requests to these files are discussed below.

1. The System Tablespace (ibdata): Write requests of size 64KB aligning with stripe boundaries
are issued, and none of the rules are violated**.

2. The Redo Log (ib_logfile): Write requests of size 512B are issued at offsets aligning with
512B boundary (thus contained in a single flash page). Rules 1 & 3 are violated.

3. The Binary Log ({hostname}-bin): Small write requests of varying sizes at varying offsets

are issued to this file. Rules 1, 3, and 5 are violated.

2.3.3 Techniques to Optimize Performance

Having studied the I/O behavior of SQLite3 and MariaDB, we now propose techniques to
improve their performance by eliminating sub-optimal I/O patterns. This is achieved by examining
the data-structures used and making modifications to them to obtain the desired I/O behavior,
while also considering the database engine’s performance. We propose the following techniques:

1. use-hot-locations on SSD-S: Fig. 2.10a shows the original layout of the BT-Tree database
file of both SQLite3 and MariaDB, where database pages align with internal stripes of SSD-S.
This violates Rule 2 (see Fig. 2.7b), as read requests are issued at stripe boundaries instead of
the hot locations (32KB offset group on SSD-S). To place the pages at hot locations, we offset
them by 32KB in the modified layout of the file (Fig. 2.10b). However, in order to comply with
Rule 3, write requests should continue to align with stripe boundaries, as shown in Fig. 2.10b.
This technique is ineffective on the remaining SSDs as their hot locations are at offset group 0
(Rule 2 isn’t violated).

2. write-aligned-stripes on SSD-T: The SQLite3 WAL file (Fig. 2.12a) has a 32B header fol-
lowed by multiple frames, each of which has a 24B frame header and a 64KB dirty page. These
small header fields result in write amplification, as well as make the read/write requests to the
dirty pages increasingly unaligned, thus violating Rules 1 & 3 (Fig. 2.8). We propose including
the frame header at the end of the database page (Fig. 2.12b), and writing the WAL header (of

**Rule 2 would have been violated on SSD-S, but not on SSD-T as its hot locations are at offset group 0.
This file’s layout is similar to the BT-Tree index file (Fig. 2.10a). However, we do not recommend applying
the technique use-hot-locations to this file (see §2.4.1.3).
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(b) The modified layout of the database file. All database pages are offset by 32KB, such that read requests
to pages are issued to the 32KB offset group which are the hot locations for SSD-S. Write requests continue
to align with a 64KB boundary to retain the internal chunk pattern (this is ensured by fsync, see §2.4.1.2).

Figure 2.10: use-hot-locations on SSD-S. In both SQLite3 and MariaDB, the original layout of the
BT-Tree database file contains contiguous aligned pages of size 64KB. Hot locations on SSD-S can

be utilized if the pages are offset by 32KB. Write requests to pages need to be modified to satisfy
Rule 3.
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0 4KB 8KB
1 1 1
328B 160B 275B 274B 275B
\ I

Lag entries Entries Spanning Multiple Flash Pages
(a) The original layout of the InnoDB binary log file containing entries of
varying sizes. Each entry internally requires the SSD to write a single flash
page. However, entries spanning multiple flash pages (shown in red), will
cause greater write amplification, as they will require modifying two flash

pages instead.

0 4KB 8KB

G- A - T

Unused Space Aligned Entry
(b) The modified layout of the InnoDB binary log file. Entries spanning
multiple flash pages are offset to align with the next page boundary. This
results in a small varying amount of unused space at the end of each flash

page, but reduces the write amplification caused by these entries to a single

flash page.

Figure 2.11: contain-write-in-flash-page on SSD-T (flash page size 4KB). The MariaDB/InnoDB
binary log file has been modified to eliminate log entries spanning over multiple flash pages. This

reduces the write-amplification caused by the database engine.
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0 32B 64KB + 56B 128KB + 80B 192KB + 104B
1 1 1 1 1
Page 100, Page 23, Page 1, Page 55,
| 64KB ot 64KB % 64KB gt 64KB
™~
Wal Header I~— Wal Frame —I

(a) The original layout of the WAL log file. The file has multiple frames,
each with a frame header (24B) and a dirty page (64KB). As the log frame is
not a multiple of stripe size (64KB), read/write requests become increasingly

unaligned and violate Rule 3 (Fig. 2.8).

0 0 64KB 128KB
1 1

32B

‘\Separate File F—Wal Frame—{
(b) The modified layout of the WAL log file. The frame header is a
small amount of memory, and can be included in the database page
without reducing the capacity of the page by much. The new frame
size is 64KB, which is equal to the stripe size. The log header of 32B is
stored in a separate file to ensure that the log frames align with stripe
boundaries. Writing the file header also causes write amplification,

and is a one-time unavoidable cost.

Figure 2.12: write-aligned-stripes on SSD-T. The SQLite3 WAL log file originally contains frames
of size 64KB+24B. We include the 24B frame header in the page, to issue write requests of stripe

size.
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32B) to a separate file. This eliminates all violations of rules on SSD-T, as shown in Fig. 2.12b.
This technique will be effective on SSD-S and SSD-M as well, as they have the same stripe size
as SSD-T.

3. contain-write-in-flash-page on SSD-T: The MariaDB redo log and binary log both violate
Rules 1 & 3 (Fig. 2.9), as the requests are small and unaligned. However, issuing larger write
requests would increase the latency of commit operation, and degrade the DB engine’s perfor-
mance. Additionally, the binary log also violates Rule 5, as shown in Fig. 2.11a. This violation
can be eliminated by modifying the layout of the binary file as in Fig. 2.11b, where entries
spanning multiple flash pages are offset to align with the next page boundary. This technique
will also be effective on SSD-M, with a flash page size of 4KB.

2.4 Evaluation

We evaluate the proposed techniques, namely use-hot-locations (§2.4.1), write-aligned-stripes
(§2.4.2), and contain-write-in-flash-page (§2.4.3). While the former technique improves the immedi-
ate performance of both the database engines on SSD-S, the latter two eliminate write amplification

and increase the lifetime of SSD-T.

2.4.1 wuse-hot-locations on SSD-S

We apply the technique use-hot-locations (Fig. 2.10) to both SQLite3 and MariaDB, and modify
the layout of the BT-Tree database file as shown in Fig. 2.10b. Improvement in performance
is measured as the increase in operation throughput when running the benchmark experiment
(§2.3.2.2) on SSD-S. We first describe our experimental setup (§2.4.1.1), followed by discussing the
performance of SQLite3 (§2.4.1.2) and MariaDB (§2.4.1.3) with the modified database file layout,

and finally summarize our observations (§2.4.1.4).

2.4.1.1 Experimental Setup

As before, SQLite3 and MariaDB have been configured with a B*-Tree database page size of
64KB in their default journaling modes (rollback journaling and undo/redo logging respectively).
The benchmark experiment (described in §2.3.2.2) has been run for 100 iterations, and the through-
put of insert and select operations during each iteration has been measuredft. This experiment helps

us isolate and quantify the impact of use-hot-locations, without interference from any other factors.

number of operations
time taken in seconds

'Throughput of insert/select operations in an iteration is measured as

50,000 operations
time taken in seconds
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30
Iterations in the benchmark experiment

(a) Select and Insert operation throughput over the iterations in a single run of
the benchmark experiment with every insert operation in a separate transaction.
Total 100 iterations are executed with 50,000 select and insert operations issued
in each iteration. For select(insert) operations, we see that the performance use-
hot-locations is consistently higher(lower) compared to the original. The average
increase(decrease) in throughput is 30.4%(15.2%) over all the iterations. The loss
in throughput of insert operations is caused by the additional fsync (Fig. 2.10Db).
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(b) Select and Insert operation throughput over multiple runs of the benchmark experiment with
varying granularity of transactions in the insert phase. The gain/loss in throughput during each
run has been indicated. For select operations, we obtain an almost constant improvement, with
a median increase of 29.2%. For insert operations, as we increase the number of insert oper-
ations/transaction over the runs, the overhead of the additional fsync call becomes amortized
and is compensated by the benefit of faster seek time. The loss in insert throughput falls under

2% from 500 insert operations/transaction onwards.

Figure 2.13: The performance of SQLite3 with use-hot-locations on SSD-S. The BT-Tree index file
is modified such that pages are stored at hot locations (Fig. 2.10b).
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Theoretically, the benefit of use-hot-locations would be the same as the reduction in latency of
read requests, i.e. 39% on SSD-S (corresponds to a 64% increase in throughput of select operations).
However, applications seldom run solely on disk, and we measure the benefit of this technique in
the presence of main memory. Thus, we configure the buffer pool size of SQLite3 and MariaDB
to 128MB; this size is heuristically chosen to be about 10% of the initial database size before the
start of the experiment (1.2GB).

Modifying the database file layout to use hot locations on SSD-S required changing the I/O
modules of SQLite3 (file os_uniz.c) and MariaDB (file innobase/0s/os0file.cc), to offset I/O requests
to the BT-Tree index file by 32KB. Additionally, in both the database engines, the module for
flushing dirty pages from the buffer pool to the database file was modified to issue aligned write
requests as shown in Fig. 2.10b. Overall, we found that this technique could be incorporated with

about 200 lines of code in both of these database libraries.

2.4.1.2 Performance of SQLite3

We run the benchmark experiment with each insert operation in a separate transaction on
SQLite3 with (and without) use-hot-locations on SSD-S. Figure 2.13a shows the throughput of
select and insert operations over multiple iterations of the benchmark experiment. On an average,
we see that the throughput of select operations is 30.4% higher with use-hot-locations compared to
the original layout. As the database pages coincide with hot locations in the modified file layout,
they can be accessed faster (by 39% on SSD-S) thus reducing the latency of select operations.

On the other hand, the throughput of insert operations is 15% lower than the original layout.
The first step of an insert operation is a seek on the BT-Tree (similar to select), which will be faster
with use-hot-locations. However, an additional fsync needs to be issued at the time of commit
(Fig. 2.10b), to ensure that write requests align with stripe boundaries. This fsync™ acts like
a write barrier which guarantees that adjacent write requests are not merged by the OS; they
would otherwise overwrite the stripe boundary and violate Rule 3. Thus, the overhead of the fsync
outweighs the benefit of faster seek in this case.

To reduce the overhead of fsync, we measure the throughput of insert (and select) operations by
running the benchmark experiment five times (Fig. 2.13b) (100 iterations are run each time) while
varying the number of insert operations running in a transaction from 1 to 50,000 (i.e, varying the
number transactions in the insert phase of an iteration from 50,000 to 1). Increasing the number of

insert operations in a transaction (i.e., batching insert operations) amortizes the overhead fsync and

HOnly one additional fsync call is necessary. Non-adjacent write requests are not merged by the OS and

can be issued together.
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(a) Select and Insert operation throughput over the iterations in a single run of
the benchmark experiment with each insert operation in a separate transaction.
Total 100 iterations are executed with 50,000 select and insert operations issued
in each iteration. For select(insert) operations, we see that the performance
use-hot-locations is higher compared to the original. The average improvement
in throughput is 26.6%(0.9%) over all the iterations. There is no loss in insert
operation throughput unlike SQLite3.
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Read 0.5, Read 0.93 Read 1 Read 0.95 Scan 0.93 Read 0.5

Update 0.5 Update 0.05 (all reads) Insert 0.05 Insert 0.05 ReadModify-
-Write 0.5

YCSB workload
(b) We run the YCSB benchmark on MariaDB with 1 million records. Each of

the workloads(a-f) affect 100K records. We report an average performance over
five runs of the benchmark, and the gain in performance for each workload has
been indicated in the plot. The highest gain of 22.3% is obtained for workloadc
(all reads), while the lowest is obtained for workloada and workloadf (3% and

1.1% respectively) as writers block readers.

Figure 2.14: The performance of MariaDB with use-hot-locations on SSD-S. We obtain an increase
of 26.6% and 0.9% in select and insert operation throughput respectively. Unlike SQLite3 (in
rollback journaling), where data is written directly to the BT-Tree index file on commit, MariaDB
(InnoDB) asynchronously copies updates to the database file using background threads, hiding the
overhead of additional fsync (see §2.4.1.3).
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improves the insert operation throughput. We find that the loss in throughput becomes less than
2% when running 500 insert operations per transaction, and ultimately, we obtain a 3% increase in
throughput when running all 50,000 insert operations in a single transaction. Also, as expected, the
performance of select operations does not depend on the granularity of transactions in the insert

phase, and we obtain a median increase of 29.2% in the throughput of select operations.

2.4.1.3 Performance of MariaDB

Once again, the benchmark experiment has been run with each insert operation in a separate
transaction on MariaDB with (and without) use-hot-locations on SSD-S. Fig. 2.14a shows the
throughput of select and insert operations over multiple iterations of the benchmark experiment.
Similar to SQLite3, we obtain an average 26.6% increase in throughput of select operations.

However, unlike SQLite3, we do not incur any loss in insert operation throughput. This is be-
cause MariaDB (InnoDB) writes updates to the redo log at the time of commit, and asynchronously
copies the updates to the database file using background threads. Thus, the overhead of the addi-
tional fsync is incurred in the background, and the observed performance of the database engine
remains unchanged.

To further evaluate the benefit of wuse-hot-locations on MariaDB, we run the YCSB bench-
mark [CST*10] with a million database records (Fig. 2.14b). Each of the workloads(a-f) (refer to
Fig. 2.14b for the composition of these workloads) affect 100K records of the database. The highest
gain obtained is 22.3% for workloadc (all reads), while the lowest is obtained for workloada and
workloadf (3% and 1.1% respectively) as writers seemingly block readers in both these workloads.

The System Tablespace file (Fig. 2.9) of MariaDB (InnoDB) also has a layout similar to the
primary index file (Fig. 2.10a), and one might argue that we could apply use-hot-locations to this
file as well. However, the pages from this file are seldom accessed (unless there is a transaction
accessing the undo log), and using hot locations for this file would not improve the performance by

much.

2.4.1.4 Summary

In conclusion, while the select operation throughput increases (by 29% and 27% for SQLite3
and MariaDB respectively) with use-hot-locations, the throughput of insert operations can vary
depending upon how the database engine handles updates. In the case of SQLite3, the overhead of
the additional fsync reduced the insert operation throughput by 15%, as dirty pages were written
to the database file directly. However, MariaDB (InnoDB) commits any updates to the redo log

instead, and the observed performance of insert operations is not affected by the fsync.
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Table 2.2: write-aligned-stripes on SSD-T. While the observed performance remains the same, write

amplification has been eliminated entirely by modifying the layout of the WAL log file (Fig. 2.12b).

. Optimized (write- | Difference (Optimized
Property Original
-aligned-stripes) vs Original)
19424 DB 19448 DB
Initial DB Size pases pases +0.12%
(of size 64KB) (of size 64KB)
Final DB Size 21418 DB pages 21436 DB pages
+0.08%
(after 20 iterations) (of size 64KB) (of size 64KB)
Avg. Insert
Ve et 288 Insert/s 200 Insert /s +0.7%
Operation Throughput
Avg. WAL
0.087s 0.09s +3.4%
checkpoint time
Avg. WAL frames
101133 101105 +0.03%
written per iteration
Write amplification 50000
0 -100%
per iteration flash pages

It should be noted that the reduction in insert operation throughput of SQLite3 results from
the additional fsync call, for lack of a better way to ensure that write requests align with stripe
boundaries. This exemplifies the lack of synergy between the database system and the underlying
storage, thus requiring workarounds to obtain the desired behavior. With a better contract between

the system and the storage device, such an overhead could perhaps be avoided.

2.4.2 write-aligned-stripes on SSD-T

We apply the technique write-aligned-stripes (Fig. 2.12) to SQLite3 and modify the layout of
the WAL log file as shown in Fig. 2.12b. As the log frames are modified to be of stripe size (64KB
for SSD-T'), we eliminate the violation of Rule 3 while writing to this file.

2.4.2.1 Experimental Setup

Again, SQLite3 has been configured with a database page size of 64KB in the write-ahead
logging (WAL) mode. The benchmark experiment (§2.3.2.2) has been run for 20 iterations with
a single insert operation per transaction. Auto-checkpointing in SQLite3 has been turned off (by
setting wal_autocheckpoint to zero [pra]), and an explicit checkpoint is performed at the end of

every iteration.
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Various measurements are made during every iteration, and have been summarized in Table
2.2. Modifying the layout of the WAL log file required making changes to the write-ahead logging
module of SQLite3 (file wal.c), along with reserving space at the end of every database page using
SQLITE_TESTCTRL_RESERVE [opc| operation. Overall, this change could be incorporated with less
than 100 lines of code in a highly modular manner, without affecting any other sub-modules of
SQLite3.

2.4.2.2 Observed Performance

Table 2.2 shows the result of this experiment. We first discuss the directly measurable perfor-
mance metrics of the database engine.

1. The Initial and Final DB file sizes: As 24B of space is reserved at the end of a database
page in the new layout (Fig. 2.12b), its capacity is reduced by a small amount. Thus, we see
that the size of the database file is slightly larger compared to the original format.

2. Average throughput of Insert Operations: We find that the throughput with the modified
WAL layout is slightly higher (0.7%). This is to be expected as the size of the log frame is
smaller in the modified layout, leading to faster commit operations as lesser amount of data
needs to be written to the log.

3. Average WAL checkpoint time: At the end of every iteration, we checkpoint the WAL log
and measure the time taken to complete this operation. We find that the time taken for the
checkpoint operation on an average is quite low, and is approximately the same in both cases
(3.4% higher for the modified layout).

4. Average number of WAL frames written per iteration: Again, we find that roughly
same number of frames are written to the log in both cases. However, the objective of recording
this is to estimate the amount of flash wear-out caused during the experiment.

Thus, we find that the observed performance in both cases is about the same. However, the

goal of write-aligned-stripes is to eliminate write amplification, which we describe next.

2.4.2.3 Write Amplification and Estimated Wear-out

We measure write amplification as the number of partially written flash pages. In the original
layout of the WAL log file, the 24B header causes a frame to spill over the 64KB boundary. WAL
frames are written to the log file contiguously on a commit. Thus, the amount of overflow beyond

the 64KB boundary on a commit in the original layout is:

Overflow = 24B x Number of frames written
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Figure 2.15: Measuring the benefit of write-aligned-stripes in terms of reduction in wear-out. The
total flash wear-out caused during the experiment is estimated for different flash page sizes. De-
creasing the wear-out corresponds to increasing the lifetime of the SSD. Thus, the increase in

lifetime ranges from 1.6% to 12.4%.

In the experiment, a single insert operation has been run per transaction, and the number of
frames written on a commit is low (two frames on average). Thus, the overflow is < 100B, which
can easily be contained in a single flash page irrespective of its size (the size of a flash page ranges
from 2KB to 16KB [Sam, HKADADI17, Tal]). Therefore, we report the write amplification in
the original layout as 50,000 flash pages, as a single additional flash page is written on a commit
operation. The modified layout of the WAL log file has no overflow and no write amplification as
a result.

Although the write amplification can be accurately measured in units of flash pages, the total

wear-out caused depends on the flash page size. We calculate the wear-out as:

Flash wear-out = Number of frames written x 64K B

+ write amplification x flash page size

Fig. 2.15 shows the total flash wear-out caused during the experiment for possible flash page
sizes. The difference in wear-out between the original and modified layout depends on the size of
the flash page, and ranges from 1.6% to 12.4%. By reducing the wear-out, one can increase the
lifetime of an SSD. Thus, the increase in the lifetime also ranges from 1.6% to 12.4%, depending
on the flash page size.

This analysis holds true for any SSD, as the amount of data written to disk during the experiment
remains unchanged. In particular, SSD-T has a flash page size of 4KB, and its lifetime should
improve by 3.1% through this technique. Thus, transparency regarding basic parameters such as

flash page size can help applications make informed decisions, while benefiting the SSD as well.
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2.4.3 contain-write-in-flash-page on SSD-T

We apply the technique contain-write-in-flash-page (from Fig. 2.11) to the MariaDB binary log
file on SSD-T. We run the benchmark experiment for 20 iterations, which results in about one
million write operations to the binary log file (one write request for each insert operation’s commit)
of size 275B on an average. 6.7% of these write requests fall on the flash page boundary violating
Rule 5. Although the actual size of the binary log is about 262MB, the total flash wear-out caused
is 1.067M x flash page size(AK B)= 4.1GB. Thus, by offsetting these write requests to align with
the next flash page boundary, we reduce the write amplification caused by the binary log by 6.7%38
(262MB). This technique can be applied on any SSD, by making a conservative guess (say 1KB) if

the flash page size is not known.

2.5 Related Work

There is a fair amount of existing work on adapting B-Trees for flash-based SSD storage [LHY 10,
AGST09, RPK'11, JWZ"14, WKCO07, NK07] based on general recommendations described in
§2.2.2. A large portion of the work focuses on optimizing write operations to the SSD. Small
random write operations deteriorate the performance obtained for reasons like write amplification,
low bandwidth utilization, and increased address translation overhead. These can be overcome
through buffering to issue large write requests [LHY 710, AGST09, JWZ*14, WKC07], and through
logging [NKO07].

In [RPK11], authors attempt to improve select performance by utilizing the internal parallelism
of SSDs. This is achieved by issuing multiple read requests corresponding to multiple concurrent
search operations on the B-Tree. In contrast, using hot locations reduces the latency of a single
request through effective utilization of channel-level parallelism.

The internal operation of SSDs and its impact on applications has been extensively stud-
ied [PPJT17, CLZ11, KSJT12, HKADAD17, APW™*, CKZ09]. Multiple authors have studied factors
like read and write amplification [HEH'09, Wikg], the impact of address translation [HKADAD17,
GKU09, APWT], performance of sequential vs. random requests [CLZ11, CKZ09, APW*, KSJ"12],
and proposed rules for applications based on them. These recommendations are based on the gen-
eral behavior of SSDs, and have been summarized in §2.2.2.

The hierarchical structure of SSDs [APW™, HJF*13, CLZ11, KSJ*12] and utilizing the multi-
ple levels of parallelism [APW', HJF13] to improve the performance of the device have been of
interest in the past. Multiple authors have taken a white box approach [APW™, HJF 13, KJKLO6,

$8The benefit of this technique will vary, as the size of write requests to the binary log depends on the

workload.
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PCK™08, CPPT09] to propose how internal operations such as address translation should be han-
dled. These studies emphasize the importance of channel-level parallelism [HJFT13], and have
helped us build an analytical model of SSDs to reason about the performance obtained in different
scenarios.

However, in the real world, commercial SSDs are a black boxes and we have attempted to learn
their characteristics and parameters through measurements. Our experiment for obtaining the
request size profile (§2.3.1.1) is informed by previous work which describes the utilization of RAID-
like striping schemes [APW™, DJ09] to distribute data at multiple levels of the storage hierarchy,
whereas obtaining the location profile (§2.3.1.2) has been adapted from [CLZ11].

A similar approach of treating SSDs as a black box, and inferring the internal parameters
through measurement has been taken in [CLZ11, KSJ*12]. Chen et al. [CLZ11] propose experi-
ments to identify the chunk size and number of channels in an SSD. However, their main focus
is to show the benefit of issuing concurrent requests to an SSD, and their recommendations make
limited to no use of these parameters. Unlike [CLZ11], Jachong et al. [KSJT12] attempt to find the
the clustered page and block size through various measurements, as well as use these parameters
to tune the Linux I/O scheduler. Their objective is similar to our work, i.e., making SSD-specific
optimizations informed by internal parameters. However, there are two differences between our
work and [KSJ*12|. First, the parameters considered in our work are different from [KSJT12]. Sec-
ond, our recommendations for SSD-specific optimizations are at the application-level; for instance,
techniques like write-aligned-stripes cannot be directly implemented in the OS, and decisions such
as applying use-hot-locations to the primary index file alone, and not to the System Tablespace
file can only be made by the application. In recent years, open-channel SSDs [BGB17]| have been
developed, which do not have an FTL and instead give the user full control over available resources.
However, a vast majority of SSDs used are manufactured by commercial vendors, who do not reveal
their internal policies. With the advent of persistent memory technologies such as 3D XPoint mem-
ory [HFVW17], one can expect hybrid devices to be developed, possibly requiring newer techniques

to learn their parameters as the complexity if these devices increases.
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Chapter 3

VIP Hashing - Adapting to Skew in Popularity
of Data on the Fly

3.1 Introduction

Hash tables are widely used data structures that provide a point lookup interface — mapping a
key to a value. In database systems, they are used for in-memory indexing and for query processing
operations such as hash joins and aggregation. The lightweight computation involved and the
constant time lookup guarantees enable hash tables to achieve high throughput when processing
point queries.

However, not all keys contribute equally to the performance, and requests are often skewed
towards a smaller set of “hot” keys. In multiple studies involving production workloads, fetch
requests have been observed to follow the power law [Wikf, AXF12, BCFT99] where the popularity
of keys exponentially decays with the rank. The Very Important key-value Pairs (VIPs) are the
keys with lower rank, as they constitute a larger portion of requests and have a greater impact on
the throughput. It is possible to further improve the throughput obtained from the hash table by
leveraging the skew in popularity, as we show in our work.

Fig. 3.1 shows the core motivation behind VIP Hashing — giving more favorable spots to more
popular keys. In the VIP configuration (Fig. 3.1b), the keys are ordered in descending order of
popularity and the VIPs are at the front, analogous to seating VIPs in the front row for an event.
By placing the popular keys at the front, they can be accessed faster as they require fewer memory
accesses and lesser computation (discussed in §3.4), which improves the overall throughput obtained
from the hash table.

While attaining the VIP configuration is straightforward if the popularity of keys is known in
advance (keys can be inserted in the right position in the chain according to their popularity), one

might not have this information up front. Also, the popularity of the keys can change over time
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(a) Default configuration: VIPs at random spots (b) VIP configuration: VIPs at the front

Figure 3.1: Hash Table configurations with VIP keys (in yellow) at (a) random spots, vs. (b) at
the front. The throughput of the hash table can be improved by giving VIPs more favorable spots
at the front of the bucket.

resulting in a different set of VIPs. Thus, more generally, one needs to learn the popularity of keys
and adapt the configuration of the hash table on the fly.

It is important to note that learning requires additional computation and storage. In the case
of disk-based data structures, the overhead of learning can be relatively small compared to the
latency of accessing storage devices. However, hash tables are cache-sensitive data structures that
perform lightweight computation, and adding overhead to hash tables can have significant impact
on performance. This makes learning with hash tables notoriously challenging, as shown in §3.5.1
and prior work [SVH'21] as well. Thus, a key requirement for designing fully online learning
mechanisms for hash tables is keeping the overhead in check compared to the gains.

Our contributions are as follows —

1. Wiscer (§3.3) — We developed a benchmarking tool for measuring the performance of hash
tables. Wiscer can be used to generate workloads with varying levels of skew in popularity,
with different ratios of fetch, insert and delete operations, and shifting hot set of keys over
time. To our knowledge, no existing benchmarking tool captures all of this behavior in one
place.

2. Roofline Analysis of the VIP configuration (§3.4) — We study the benefit of the VIP
configuration (Fig. 3.1b) given prior knowledge of popularity. This analysis shows the maxi-
mum gain one can obtain from adapting to the skew (for a hash table with 10M keys at load
factor 0.6, we observe a 57% increase in throughput in the best case), as well as the hardware
trends resulting in performance gain for the VIP configuration.

3. Learning on a budget (§3.5) — We developed lightweight online mechanisms for learning the
popularity distribution, adapting to the skew, sensing changes in the popularity distribution,
and dynamically switching on/off the mechanisms to control the overhead. Put together,

they give us the VIP Hashing method for adapting to the skew in popularity on the fly.
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4. Application to hash joins (§3.6.1) — We study the application of VIP hashing to PK-
FK hash joins, and we obtain a 13-23% reduction in canonical join query execution time
(for a cardinality ratio of 1:16 in the relations and a hash table with load factor of 1.4).
We implemented VIP hashing in DuckDB [RM19] to speed up PK-FK hash joins in single-
threaded mode, and we obtain a net reduction of 20% in end-to-end execution time of TPC-H
query 9 [tpc] under low skew.

5. Application to point queries (§3.6.2) — Another common use of hash tables is processing
point queries. We test VIP hashing under a variety of workloads involving insert and delete
operations, shifting popularity distribution of keys, different rates of shift, etc. A gain in
throughput of 22% is obtained under low skew, while our choice of parameters ensures that

the overhead of adapting on the fly is capped in the worst case.

Our experiments in §3.6 show that VIP hashing is a fully online non-blocking hash table method
that adapts to the skew in popularity on the fly, while transparently capturing changes in the

workload due to inserts, deletes, and shifting popularity distribution.

3.2 Background

3.2.1 Hash Tables

A hash table [Wika| is an associative data structure that maps keys to values. In our work, we
focus on chained hashing (hereafter referred to as hash table). A hash table (Fig. 3.1) uses a hash
function to map each key to a unique index or bucket. Since more than one key can be mapped
to the same bucket, the data structure resolves these collisions by maintaining a chain (linked list)
of entries belonging to the bucket. The flexibility provided by this data structure for performing
insert and delete operations, along with variable length keys and values make it a popular choice

in many data systems [redb, Frg, He, sqla].

3.2.1.1 On Properly Configuring the Hash Table

We focus on hashing of 8-byte integer keys and values, which is a well studied problem in
past research [RAD15, BLP11]. It is important to configure the hash table correctly to draw
reliable conclusions, and there are two important factors to consider. The first is the choice of the
hash function. In our work, we use MurmurHash [Appl6], which is a strong hash function that
provides good collision resistance in practice. The second critical aspect is the load factor, which
is the ratio of keys to the number of buckets in the hash table. Higher load factors correspond

to fewer buckets, which lead to longer chains on an average, whereas lower load factors require
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Figure 3.2: Popularity distribution of keys (number of keys N = 100) for different Zipfian skew
factors s. Skew factor s = 0 corresponds to uniform popularity distribution, while s = 1,2,3,4

simulates low, medium, high, and very high skew respectively.

more buckets and consume more memory. Informed by parameter choices in popular open-source
systems [redb, He, pos], we maintain a load factor between 0.5 and 1.5 to ensure that collisions are
at an acceptable level while utilizing memory efficiently. Wherever applicable, we rehash the hash
table to maintain this range of load factor. The number of buckets in the hash table are set to
be a power of two, which is a common choice [pos, He, Nat17] that speeds up the computation of
the hash function. If the load factor exceeds 1.5 (falls under 0.5), we double (half) the number of
buckets in the hash table.

3.2.2 Some Probability Bounds and Theorems

Below we discuss some tools related to probabilistic random variables that we use in our work.

e Zipfian distribution: We use Zipfian distribution [Wiki] to model varying levels of skew in
fetch operations issued to keys in a hash table. Zipfian distribution has been adopted by multi-
ple studies in the past [WSH19, BLP11, AXF*12] to statistically model skew in popularity, as
it captures the power law [Wikf] characteristics of workloads that are often observed in prac-
tice [AXFT12, BCF99].

e Estimating mean and variance: Let X be a random variable with mean ; and variance o2.

Let X, Xs,... X;, be n independent and identically distributed (i.i.d.) measurements of X. The

2

estimated mean [ and estimated variance 6“ can be evaluated as

n n n 2
> X > X2 (LX)
N =1 2 <i:1 i=1 )
H = ) o =
n

n—1 n(n—1)
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e Gaussian tail bound confidence interval: For a random variable X (refer above), the central
limit theorem (CLT) [Wikd] states that the error in estimated mean (f — u) is approximately
Gaussian distributed N(0, %) By applying the Gaussian pdf, a confidence interval can be

obtained for the error (i — p) as follows

—nt? L
Plp—pl<t)>(1- =
(Ii u!_t)_< exp(202)> =

Thus, we can at least be L% confident that the error | — p| is less than ¢. Note that the

confidence increases exponentially with n (number of samples X; drawn). It is important to note
that (i — w) is only approzimately Gaussian, so the confidence interval obtained from applying

Gaussian tail bound is a heuristic.

3.3 Skewed Workload Generation with Wiscer

3.3.1 Overview

Wiscer is a benchmarking tool that we propose in our work. Wiscer has multiple configuration
options (Table 3.1) that can be used to generate workloads with different levels of skew, varying
proportions of fetch, insert, delete operations, different rates of popularity shift, etc. Below are

some key features of Wiscer:

e Level of skew: Increasing levels of skew in the popularity distribution can be simulated by
increasing the zipf factor. For instance, zipf = 0 and zipf = 4 correspond to uniform distribution
and very high skew respectively (see Fig. 3.2).

e Simulating popularity distribution shift: The two related configuration options are dist-
ShiftFreq and distShiftPrct. After every distShiftFreq fetch operations, the topmost popular keys
that constitute distShiftPrct of the requests are randomly replaced by less popular keys. This
simulates a behavior where keys in the hot set become less popular after some time, which has
also been observed in some real-world workloads [AXF*12].

e Benchmarking hash table implementations: Wiscer can optionally be used to compare
different hash table implementations (option StorageEngine) to directly process the generated
workloads without intermediate storage.

e Fine-grained performance metrics using hardware counters: Wiscer issues operations to
the configured hash table in batches of one million requests at a time, and fine-grained metrics

are collected per batch. Wiscer uses hardware counters provided by the Intel’s Performance



Table 3.1: Configuration options supported by Wiscer
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Option Description
) The zipfian factor of the popularity distribution. zipf=0 corresponds
“pf to uniform popularity.
initialSize Initial number of keys in the hash table before running any operations.
operationCount Total number of operations (fetch, inserts, etc.) to run on the

hash table.

(fetch/insert/delete)

Proportion of operations that are fetch/insert/delete.

Proportion
A shift in popularity distribution occurs after every distShiftEre
distShiftFreq pop Y Y Jireq
operations.
The popularity distribution shifts by distShiftPrct% ever
distShift Pret N pobriany Y fiPret% every
distShiftFreq operations.
) Which storage engine to benchmark. Options are ChainedHashing,
storageEngine ‘
VIPHashing, and none (store workload to disk).
The pattern of keys to generate — random (default) or
keyPattern '
sequential (1 to n).
The popularity rank of keys relative to the insertion order.
keyOrder Options are random (default) and sorted (where keys are
inserted in increasing order of popularity; a.k.a. latest).
The seed value (unsigned integer) to initialize the random number
generator (default = 0). The random number generator is used to
randomSeed

populate the hash table and generate the workload. Different seed

values result in different instances of keys and the workload.
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Monitoring Unit (PMU) [pmu] to get low-level performance metrics such as cache misses, number

of cycles, retired instructions, etc.

3.3.2 Experimental Configuration

All experiments in this work are run on a Cloudlab [DRM*19] machine with two 10-core Intel
Xeon Silver 4114 CPUs with a peak frequency of 3.0GHz. The server is used exclusively for running
Wiscer, and the benchmarking process is pinned to a single core to avoid any overhead of context
switching. The CPU scaling governor of the core has been set to performance, thus fixing the
frequency to 3.0GHz at all times. The CPU has an L3 cache of 13.75MB, and the server machine
has 192GB of RAM. This CPU belongs to the Skylake Intel architecture family [cpul7], and the

PMU’s hardware counters are programmed accordingly.

3.4 Roofline Study

In this section, we compare the performance of the Default and VIP configurations when the
popularity of keys is static and known in advance. Since there is no overhead of learning involved
in this case, this roofline study shows the maximum gain one can get from the VIP configuration
for different levels of skew (§3.4.2) in popularity at different load factors (§3.4.3) of the hash table.

3.4.1 Default vs VIP Configuration
3.4.1.1 Motivation

Fig. 3.3 shows an example of processing fetch requests in the Default and the VIP configurations.
A key parameter to note is the displacement encountered, which is the total number of keys that
were accessed to process the fetch requests. Accessing a key requires dereferencing a pointer and
some computation. The displacement encountered in the Default configuration is higher as the
less popular keys in the path to VIPs need to be accessed when processing the fetch requests and
effectively become part of the hot set. A larger hot set increases the likelihood of cache misses, and

we observe this trend in our experiments described next.

3.4.1.2 Generating the configurations using Wiscer

In the VIP configuration, keys in the hash table are arranged in descending order of popularity
in the bucket chains (see Fig. 3.3b). We attain this configuration by running Wiscer with the
default storage engine (ChainedHashing) and inserting keys in increasing order of popularity (key-

order=sorted, default is random). Insert operations on the hash table are performed at the front of
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(a) Default configuration. A total displacement of 12 (=2x(2+14-3)) is required
to process the fetch requests. The less popular keys in the path of popular keys

need to accessed as well.
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(b) VIP configuration. A total displacement of 6 (=2x(1+1+1)) is required to
process the fetch requests. Only the popular keys are accessed.

Figure 3.3: Processing fetch requests in the Default vs the VIP configuration. Unpopular keys
have been grayed out. The total displacement (number of keys accessed) is higher in the Default
configuration requiring more pointer dereferences. Also, the effective hot set is larger, increasing

the likelihood of cache misses relative to the VIP configuration.
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Figure 3.4: Relative performance of the VIP vs the Default configurations as the skew in popularity
increases. One billion fetch requests are issued to a hash table with 10M keys (load factor 0.6) for
varying levels of skew from zipf = 0 to zipf = 5. Each reported data point is the median
over 10 runs with different random seeds. Percentages indicated at the top of each plot is the
difference between median metrics of the VIP vs the Default configuration. The gain in fetch
operation throughput varies with skew, and we obtain 53% increase in throughput for medium
skew (zipf = 2.0). Lesser number of cache misses and instructions executed contribute to the gain

obtained from the VIP configuration. Further observations are discussed in §3.4.2.2.



47

the bucket chain (§3.2.1). Thus, when inserting keys in the sorted order, entries are automatically
placed in decreasing order of popularity as more popular keys are inserted later and are ahead in

the bucket chain. The Default configuration is generated using the default parameters of Wiscer.

3.4.2 Impact of Increasing Skew
3.4.2.1 Workload

We compare the throughput of fetch operations in the Default and VIP configurations. We use
Wiscer (Table 3.1) to generate fetch requests with increasing levels of skew (zipf = 0 to 5 in steps
of 0.5) which are issued to a hash table with 10 million keys at a load factor of 0.6 (= 107/2%4). For
each level of skew and hash table configuration, Wiscer is run with 10 distinct random seed values
to populate the hash table and generate the workload. Each random seed results in a different
arrangement of keys in the hash table. The popularity distribution is static, i.e., the rank of the
keys remains the same throughout a run. One billion fetch requests are issued to the hash table
for each random seed, and the data points reported in Fig. 3.4 are the median statistics over the
10 runs. We have run experiments on smaller (1M entries) and larger (100M entries) hash tables

and found the trends to be similar.

3.4.2.2 Results

The results of this experiment are shown in Fig. 3.4. The gain in throughput ranges from
9%-57% depending upon the level of skew in popularity. Below we discuss our takeaways from the

performance metrics measured using Wiscer:

e Throughput: The gap in performance between the VIP and the Default configuration increases
up to zipf = 2 (medium skew), and gradually diminishes as the skew becomes very high (zipf =
4.5 or 5). This behavior is correlated with the hot sets becoming smaller as the skew increases
and becoming (L1/2/3) cache resident at different rates for the two configurations.

e Displacement: As expected, the displacement encountered in the VIP configuration is lower
than the Default (see Fig. 3.3). For zipf = 1.5 and up, the total displacement becomes close to
1B (for 1B fetch requests), indicating that popular keys are at the front of their chains (displace-
ment = 1) in the VIP configuration. For the Default configuration, the median displacement
approaches 1B at higher levels of skew (zipf > 4), but the variance is high as some random
seeds can result in the popular keys placed further in the chains (however the likelihood of this

happening is low as the load factor is not very high).
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e Instructions Executed: The instructions executed are lower in the VIP configuration (up to
6% lower in the best case). The relative trend observed is similar to that of displacement, as the
number of instructions executed is correlated with the number of keys accessed.

e Cache misses: The VIP configuration becomes L3 and L1 cache resident (at zipf = 2 and
2.5 respectively) more quickly compared to the Default configuration (at zipf = 3.0 and 4.5
respectively), which is expected as the hot set of the former is smaller than the latter (Fig. 3.3). At
very high skew (zipf = 4.5 and 5), both the configurations are L1 resident and correspondingly,
we do not observe much difference in the throughput. This indicates that caching has a big

impact on the performance of hash tables.

Overall, we note that since the hot set of the VIP configuration is smaller than the Default, we
encounter lower cache misses at all levels of cache. This contributes to the gain in performance we
obtain from the VIP configuration.

Another important observation we make is that the metric displacement indicates the goodness
of the hash table configuration. The VIP configuration has lower displacement than the Default in
all cases (the VIP configuration has the lowest possible displacement for a given data set, hash table
size, hash function, and request skew; see §3.5.2.3). We use this metric in building the mechanisms

for sensing and dynamically switching-on/off learning (§3.5.2.3).

3.4.3 Impact of Increasing the Load Factor
3.4.3.1 Workload

In this experiment, we increase the load factor while holding the size of the hash table constant.
Similar to §3.4.2.1, we run one billion fetch operations on a hash table with 2?* buckets while
varying the load factor from 0.5 to 1.5 in steps of 0.25 (this is achieved by increasing initialSize
from 2% to 3-2%). Each configuration is run with 10 distinct random seeds and we compare the

median statistics over the 10 runs.

3.4.3.2 Results

Fig. 3.5 shows the median gain obtained as we increase the load factor — we obtain 1.6x, 2.6x,
and 1.8x higher throughput from the VIP configuration at low (zipf = 1), medium (zipf = 2),
and high skew (zipf = 3) respectively at load factor 1.5. In all cases, the gain from the VIP
configuration increases as the load factor increases, which is expected as the likelihood of collisions
is higher when more keys are present in the hash table. We find that the performance metrics of

the VIP configuration are mostly stable (refer to Table 3.2) indicating a stable hot set size, while
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Figure 3.5: Roofline gain in throughput from the VIP vs the Default configuration as the load

factor increases. Keeping the number of buckets fixed at 224, we increase the load factor from 0.5

to 1.5. The performance gain obtained from the VIP configuration increases with the load factor,

and can be as high as 160% (2.6x) for medium skew at load factor 1.5.

the performance of the Default configuration becomes steadily worse as the effective hot set grows

larger with the load factor.

3.5 Adapting to Popularity on-the-fly

In this section, we first highlight the challenges of learning in-the-loop (§3.5.1) which motivated
the lightweight mechanisms we built for VIP hashing. We then describe how we learn, adapt, sense,

and dynamically control the overhead on the fly (§3.5.2-3.5.3).

3.5.1 Learning In-the-Loop is Costly

Hash tables execute a tight loop of instructions — compute the hash function, access keys in the
bucket, and perform required operations to process the request. Adding any amount of additional
computation or storage to this loop can degrade performance considerably. To demonstrate this
behavior, we conduct a simple experiment of adding a 1-byte requests counter per key in the hash
table, such that the entries become 17 bytes long (8 byte key and value, and 1 byte counter).

We use Wiscer to compare the performance of the vanilla implementation of hash table (16
byte entries) to the implementation with request counters (17 byte entries). We issue 500M fetch
requests to a hash table with 1M entries (load factor 0.95 = 109/22%) for different levels of skew in
the popularity distribution (zipf = 0 to 5 in steps of 1). The remaining configuration options of
Wiscer are set to the defaults (refer to Table 3.1). Fig. 3.6 shows the relative performance of the
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Figure 3.6: The effect of adding a 1-byte requests counter per key in the hash table. 500M fetch
operations are issued to a hash table with 1M keys at load factor 0.95. Performance can take a
significant hit — we observe a 66% loss in fetch operation throughput at zipf = 0. This experiment

demonstrates the sensitivity of hash tables to effects of caching and computation, which makes

learning on the fly challenging.
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Table 3.2: Relative Metrics of VIP vs Default configuration as we increase the load factor (If) at

zipf = 2. The trends for low and high skew are similar.

if Throughput | Avg. Disp- L3 L1
(fetch ops/s) | -lacement Misses Misses
0.5 235M wvs 1.0 vs 1.03 378M ws 380M ws
188M (+25%) (-3%) 385M (-1.8%) | 412M (-8%)
1 236M wvs 1.0 vs 1.17 376M wvs 380M ws
134M (+77%) (-15%) 387TM (-2.6%) | 436M (-13%)
15 236M wvs 1.0 vs 1.62 382M ws 382M ws
90M (+160%) (-38%) 392M (-2.6%) | 458M (-17%)

two hash table implementations at different levels of skew in the workload. There is a significant
loss in throughput ranging from 11-66% due to increase in cache misses and instructions executed.

Counting requests is a fundamental requirement for learning the popularity distribution. How-
ever, this experiment shows that even adding a small amount of additional memory can hurt
performance significantly. Thus, the challenge here is to work with a restricted “budget” when

learning in-the-loop, to balance the gains against the overhead of learning.

3.5.2 VIP Hashing

From §3.5.1, we know that using additional memory and computation can really hurt the per-
formance of hash tables. In this section, we describe how VIP hashing overcomes these challenges
by using lightweight mechanisms for learning and adapting to the popularity distribution (§3.5.2.2),
while controlling the overhead by sensing and dynamically switching-on/off learning as necessary
(83.5.2.3). We first give an overview of VIP hashing (§3.5.2.1) followed by describing the mecha-
nisms used in detail (§3.5.2.2-3).

3.5.2.1 Overview

Fig. 3.7 shows the VIP hashing method. At any given time, there are three possible modes
that the hash table implementation can be in — learn+adapt, sense, and default (or vanilla). In the
learn+adapt mode, the hash table learns the popularity distribution and rearranges keys to move
closer to the VIP configuration. This mode is costly in terms of both computation and storage, and

we control how much we run this mode by configuring the parameter Ny. The learn+adapt mode
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Figure 3.7: Overview of VIP Hashing. At any time, the hash table is in one of the three modes
— learn+adapt, sense, or default. The amount of time spent on learn4+adapt mode is controlled
through the parameter Ny, to cap the overhead of executing on the fly. The popularity distribution

is sensed periodically and learning is triggered only when a change is detected.

is run at the start, and subsequent triggers of this mode happen only if the popularity distribution
changes, which is determined during the sense mode.

The sense mode is triggered after the learn+adapt mode to measure some statistics (yg) that
characterize the popularity distribution. These statistics require a total of 24 bytes of memory for
the whole hash table (irrespective of the size) and a few additional arithmetic operations in the loop.
Since the memory and computation footprint of this mode is low, it does not add much overhead
to the execution. The sense mode is run for Ng requests at a time, and is triggered periodically
(every Np requests) to characterize the popularity distribution at the time (v¢). Comparing the
statistics (vp and vy¢) helps determine if the popularity distribution has changed, and informs the
decision of whether to switch on learning.

The default mode is the vanilla implementation of chained hashing (§3.2.1) with 16 byte entries.
There is no additional overhead of storage or computation. This mode is run most of the time (Np
> N, Ng), so the performance is close to the vanilla implementation of hash table in the worst
case.

In the following sections, we discuss the mechanisms we use for the learn+adapt (§3.5.2.2) and
sense (§3.5.2.3) modes. We discuss our choice of parameters (N, Ng, Np, etc.) in §3.5.3, that allow

us to balance the performance gains against the overhead of learning.
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Algorithm 3 Learning and Adapting on-the-fly

1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:
15:

16:
17:

18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

28:
29:

procedure FETCHADAPTIVE(requests)

ht < getHashTable()

/* Requests are counted in a separate data structure*/

req_cnt_ht < getRequestsCountingHashTable()
for r in requests do
hash < murmurHash(r.key)
ht_entry < ht[hash]
req_entry < req_cnt_htlhash]
/* Keep track of entry with minimum requests */
min_req_ht_entry = ht_entry
min_req_entry = req-_entry

while ht_entry and ht_entry.key # r.key do

if req_entry.count < min_req_entry.count then

min_req_ht_entry = ht_entry

min_req_entry = req-entry

ht_entry = ht_entry.next()

req_entry = req_entry.next()

if ht_entry == null then
r. found = false
continue
r.found = true
rwalue = ht_entry.value
req_entry.count = req_entry.count + 1

if req_entry.count > min_req_entry.count then

/* Swap this entry with the min requests entry */

swap(ht_entry, min_req_ht_entry)

swap(req,entry, mz’n,req,entry)

/* Reclaim cache space by clearing req_cnt_ht */

clearCache(req_cnt_ht)
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3.5.2.2 Learning & Adapting

Algorithm 3 describes how we learn the popularity distribution and adapt to the skew on the
fly. The popularity of a key is estimated as the proportion of requests made to the key (§3.2.2).
Thus, learning the popularity distribution requires counting requests, which we know is challenging
from the experiments in §3.5.1.

To overcome the challenge of counting requests in-the-loop, we perform two optimizations.
First, we count requests in a separate data structure that mimics the hash table in arrangement
(for every entry in the hash table, there is a corresponding entry in the request counting hash
table). Although this temporarily requires more memory (about 50-60% increase in memory usage
depending on the load factor) than maintaining a counter per key in the hash table, the cost is
incurred only during the learn+adapt mode. Second, at the end of the learn4+adapt mode, we clear
the requests counting hash table (req_cnt_ht) from the cache by issuing cache flush instructions
(.mm_c1flushopt on Intel CPUs [inta]), which mitigates the cache pollution caused by the requests
counting data structure used during the learn+adapt mode.

To attain the VIP configuration, we need to sort the keys in descending order of popularity in the
bucket chains. Given that the proportion of requests made to a key is an estimate of popularity,
we use Algorithm 3 to stochastically sort the keys in descending order of requests received on
the fly. When performing a fetch operation, we keep track of the entry with minimum requests
(min_req_ht_entry) encountered in the path to the entry being fetched. If the entry being fetched
has received more requests, then it is swapped with the min_req_ht_entry and it moves forward in

the chain. We propose the following theorem:

Theorem 1 : Let there be a bucket chain with n keys K, Ky ... K, which have popularity
p1 > pa2... > p, > 0. Let the keys be in a random order in the chain. Then, by applying
Algorithm 3, the keys will converge to the sorted order of popularity as number of fetch requests

N — oo.

Proof: From the frequentist definition of probability, we can be sure that a more popular key will
receive more requests compared to a less popular key as N — oo. This will hold pairwise for all

the keys Ky, Ko, ..., K, in the bucket, which motivates the following lemma.

Lemma 1 Let {K;} be keys in a bucket with probability {p;}, ¢ € [N]. Let K; be the most
popular key in the bucket, i.e., p1 > p; Vj € {2,..,N}. Let the initial order of keys be random.
Then, by running Algorithm 1, K will be at the front of the chain as N — .
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Proof: Suppose K is at displacement d > 1 and has received n requests. Let there be keys
K1, .., K], in front of K that have received requests ni, .., nq_; respectively. From the frequen-
tist definition of probability, we have

lim n>n;, Viel(ld—1)]
N—00

K would have received more requests than all the keys in front of it as NV — oo. From Algorithm 1,
on the last request that K; received, it should have been swapped with a key with lower number

of requests ahead of it. This contradicts our assumption that K4 is at position d > 1. O

Thus, the most popular key in the chain will be in the front as number of requests approaches
infinity. By recursively applying Lemma 1 to the remaining keys in the bucket, we can prove that

the keys will be in the sorted order of popularity as N — oo. O

There are two noteworthy properties of Algorithm 3. First, the VIPs move to the front quickly,
as they can skip over multiple entries in a single fetch request. This algorithm is, in essence,
similar to selection sort as we are moving the entry with minimum requests to the end of the
(sub-)chain being accessed. An alternative would be to compare only adjacent keys (bubble sort),
which empirically requires more requests for a VIP to move to the front.

Second, the cost of swapping is amortized, as there is at most one swap performed per fetch
operation. This approach is faster compared to performing a full sort on every request, or sorting
at the end after counting requests for some time (we will have to access all the buckets in order to

perform a full sort, which will block operation, incur cache misses, and pollute the cache).

3.5.2.3 Sensing & Dynamically Switch-on/off Learning

Algorithm 4 describes how we sense some key statistics of the popularity distribution, which
enable us to dynamically switch-on learning only when the distribution has changed (Algorithm 5).
While there are multiple ways to quantify the difference between two probability mass functions
(pmfs) [Wike, Wikh, Wikb], we choose a lightweight statistic to compare distributions — aver-
age displacement. In §3.4.2.2, we saw that displacement encountered indicates the “goodness” of
the hash table configuration. Every popularity distribution imposes a pmf over the displacement

encountered on a request, which is a derived random variable. Formally stated:
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Algorithm 4 Sensing

1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

23:
24:
25:
26:
27:
28:

procedure FETCHSENSING (requests)

ht < getHashTable()
/* Metrics to track */
disp <0
disp_sq < 0
count <0
c=0.95
for r in requests do
hash < murmurHash(r.key)
ht_entry < htlhash|
d<+1
while hi_entry and ht_entry— key # r.key do
ht_entry = ht_entry.next()
d=d+1
if ht_entry == null then
r.found = false
continue
r.found = true
rwalue = ht_entry.value
count = count + 1
disp = disp + d
disp_sq = disp_sq +d X d
/* Estimating mean wu, variance v, and C.I. width w*/
u = disp/count
v = disp_sq/(count — 1) — disp?/(count * (count — 1))
w = /—2.v.log(1 — ¢)/count
v = (u, w)
return vy

> cumulative displacement
> cumulative disp. square
> number of requests

> confidence level of the interval

> Gaussian tail bound
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Algorithm 5 Dynamically Switch-on/off Learning

1: procedure HASDISTRIBUTIONCHANGED(vg, Y¢)
2 (up,wp) =B

3 (uc,we) =c

4: if lup —uc| > (wp + we) then

5 return true

6 else

7

return false

Axiom 1 Let Ky, Ky, ..., Ky be N keys in the hash table with popularity pi, p2, ...,pn
(>_pi =1) at displacement dy, da, ..., dy (d; < N). Let D be the random variable of the dis-

placement encountered on a successful fetch request. Then,

N
P(D=d) = sz' “la;=a
i=1

i.e, the probability that displacement d is encountered on a fetch request is the probability that

any of the keys with displacement d were fetched. The average displacement is calculated as

pp=E[D]=> i -P(D=1)

i=1

We make the following observation:

Axiom 2 The VIP configuration minimizes E[D] over all possible arrangements of keys in the hash

table for a fixed load factor, popularity distribution, and hash function.

The VIP configuration orders keys by popularity, thus giving more “weight” to lower values of D
which minimizes the average displacement. It is straightforward to see that for a given hash table
configuration, two popularity distributions with different average displacement will not be identical
(although the opposite is not true). Thus, a change in average displacement reflects a shift in the
popularity distribution.

The parameters we learn from sensing are v = (fip,wp) = (u,w) (Algorithm 4), where fip
is the estimated average displacement, and wp is the width of the confidence interval around fip

obtained using Gaussian tail bounds (§3.2.2). Average displacement is estimated as

Ns
> Di
i=1

KD = N
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which is the sample mean* of displacement encountered D; (1 < i < Ng) over Ng fetch requests in
the sense mode. Similarly, we also estimate sample variance 6% (§3.2.2).
We further characterize the pmf by building a confidence interval using Gaussian tail bounds

(83.2.2). The width (wp) of the interval at confidence level ¢ (¢ = 0.95 in our experiments) is

. —2.6%4 - (1—c
wD:\/ b 1-9

Note that dp is estimated variance from a sample of Ng observations, and (fip — pup) only approx-

calculated as

imately Gaussian according to CLT (§3.2.2). Thus, the width @wp obtained by applying Gaussian
tail bounds is a heuristic.

We switch-on learning (Algorithm 5) only if we detect a significant change in the average
displacement. Given two sets of parameters v = (up,wp) and 7¢ = (uc,we) where up and
uc are estimated means, we check if the confidence intervals are disjoint. If so, then heuristically
with a probability ¢ = (0.95)? = 0.9, we can be sure that the real means are not equal and the
distributions have diverged. Thus, we detect changes in popularity distribution in a non-intrusive

manner by computing lightweight statistics.

3.5.3 Parameters

The parameters Ny, Ng, and Np determine how long the hash table runs in learn+adapt, sense,
and default modes respectively. Our goal is to choose these parameters such that the gains of
learning are balanced against the overhead.

Our choice of parameters is general, made using theoretical and empirical evidence that is inde-
pendent of the popularity distribution. Thus, our techniques (§3.5.2) apply to any distribution with
skew irrespective of its specific properties. Note that it is possible to further tune the parameters
and the techniques with additional knowledge such as total number of requests, patterns in the

workloads, family of distribution, etc.

3.5.3.1 Allocating the budget for learning — N1, vs Np

Learning in-the-loop is costly. In our experiments, we find that the learn+adapt mode can be
as much as 4z slower than the vanilla implementation in the worst case (under no skew for different

hash table sizes from 1M to 100M keys). If a total of (N + Np) requests are issued, the loss in

*Note that instead of sampling, we could also use the request counting data structure (req_cnt_ht in

§3.5.2.2). However, this would incur cache misses and also pollute the cache affecting performance (§3.5.1).
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throughput due to the learn+adapt mode would be:

Tvania Np.t Ny .t
1 1 §(1 D1+ N )

Toip ~ Np.t+ Npat
assuming that the vanilla implementation takes time ¢ on an average to process each request.
We cap the overhead of learning to at most 5% by choosing Np = 60 - Ny, in our experiments (i.e,

learn+adapt mode is run for at most é of the total requests). More generally, the cap on overhead

is (1— %), where k& depends on the experimental configuration (k = 4 on our hardware). Thus,
we cap the overhead of learning by fixing a budget for g—;

3.5.3.2 Choosing N1, — how much to learn?

The learn4+-adapt mode is run for Ny, requests at a time. Our goal is to capture the popularity
distribution while learning for a finite number of requests. From previous work [Can20], we know
that it takes ©(NV) i.i.d. samples to learn a probability mass function over N items (with error
e = 1 in KL divergence compared to the true pmf). When the cardinality of the hash table is not
known/can vary, we choose Ny, = 1.5 - (htsize), i.e, 1.5 times the number of buckets in the hash
table. Since we maintain a load factor of at most 1.5 at all times, the number of keys in the hash

table N < 1.5 - htsize, which satisfies our requirements.

3.5.3.3 Parameters for sensing — Ng and c

We sense the distribution for Ng requests at a time to estimate the average displacement [ip
and build an interval with confidence c. Since the load factor is low and the longest chain length
is likely to be low as well (except in pathological cases), we have found that choosing Ng to be a
large number (1000) has been sufficient in our experiments. We build a ¢ = 95% confidence interval
that gives us a heuristic probability of ¢? = (0.95)? = 0.9 when we detect a shift in the popularity
distribution. By increasing (decreasing) the confidence level, we can be less (more) sensitive to

changes in popularity.

3.6 Applications

3.6.1 PK-FK Hash Joins

Hash tables are frequently used in database systems for processing join queries. In this section,
we describe how VIP hashing can improve the performance of primary key-foreign key (PK-FK)

hash joins in the presence of skew.
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Figure 3.8: Performance of PK-FK canonical hash join on tables R and S (|R|: |S|=1:16) using

the default and VIP hash table implementations. For medium skew, we observe a 22.5% reduction

in median (over 10 random seeds) total execution time.

3.6.1.1 Experimental Setup

Motivated by past research [BTAO13, BLP11, KTMOO09], we consider the canonical PK-FK
join query on tables R and S (|R| < |S|) with 8-byte integer attributes (16-byte tuples). Skew can
arise in PK-FK relations [BLP11, BTAO13] when some keys occur more frequently than others in
the outer relation S. We use Wiscer to instantiate R and S using the sequential key pattern for
primary keys in R, and varying the level of skew in the outer relation S from uniform (zipf = 0) to
high (zipf = 3) for 10 distinct random seeds. We compare the performance of the canonical hash
join algorithm [BTAO13, KTMOO09] implemented using the default and VIP hash tables, while
materializing pointers to output tuple pairs. We assume that the tuples in S are i.i.d, i.e, the

popularity distribution is static. We explore effects of dynamic popularity distribution in §3.6.2.

3.6.1.2 Default vs VIP Hash Join

Fig. 3.8 shows the relative execution time of the default vs VIP hash join implementations. The
cardinalities of R and S are 12M and 192M respectively (|R| : |S| = 1 : 16) [BLP11, BTAO13],
and the load factor is 1.4 (= 12 - 10°/2%3). For medium skew in the outer relation, the average
displacement encountered by the default hash join implementation is 1.23 (Table 3.3)T.

For the case of canonical hash join query, the learning budget of the VIP hash table implemen-

tation can be calculated in advance while maintaining Ny : Np = 1 : 60 (§3.5.3) since we almost

fNote that the average displacement is low for the default configuration in this case, since the keys are
sequential. Holding the load factor constant, randomly generated keys result in a median (over 10 random

seeds) average displacement of 1.48.
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Table 3.3: Relative metrics for default and VIP hash join at zipf =2, |R|: |S|=1: 16.

Metric Default VIP Diff

Time 3.4s 2.6s | -22.5%
Awvg. Displacement 1.23 1.0003 | -18.7%
L3 Misses 75.5M | 75.3M | -0.3%
L2 Misses 127.9M | 124.6M | -2.6%
L1 Misses 161.2M | 155.7M | -3.4%
Instructions 8.5B 8.2B -3.5%

always know the cardinalities of the relations from system catalogs. Learning is triggered at the

beginning of the probe phase with a budget of N;, = min(|R], %) = 166|1R| = 0.26-|R| lookups from
the outer relation. Learning takes about 3% of the total execution time, ranging from 70-600ms
depending on the level of skew. Note that the average displacement of the VIP hash join imple-
mentation is very close to 1 (Table 3.3) indicating that the learning mechanism efficiently captures
the popularity distribution, and reduces cache misses and instructions executed.

To show the impact of varying the learning budget, we repeated the experiment for lower and
higher cardinality ratios. For a ratio of 1 : 4, we have a learning budget of % = 0.07-|R| requests
and the overall reduction in execution time is 18.6%. On the other hand, a cardinality ratio of

1: 64 allows a learning budget of |R| = min(|R|, 646'|1R|) and results in 25.8% reduction in execution

time. Thus, the available learning budget impacts the gain in performance.

3.6.1.3 Application to Skewed TPC-H

We focus our attention on TPC-H query 9 [tpc|, which is the most expensive TPC-H query
involving multiple PK-FK joins. We implemented VIP hashing in DuckDB [RM19], an in-memory
vectorized DBMS, to speed up PK-FK hash joins in single-threaded mode. Fig. 3.9 shows the me-
dian execution time of VIP hash join relative to the default, tested on skewed TPC-H data [KPKP22b]
at varying levels of skew for 10 different random seeds. VIP hash join reduces the end-to-end query
execution time by 20% at zipf = 1 and zipf = 1.5, while the increase in execution time at lower
skew is negligible. The remaining TPC-H queries spend < 1% of the total execution time in skewed

PK-FK hash joins, and consequently the impact of VIP hashing is negligible.

3.6.2 Point Queries

Another common use of hash tables is for in-memory indexing in database systems [Frg, marl3|

and in key-value stores [redb, He] for processing point queries. In this section, we evaluate VIP
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Figure 3.9: Execution time of TPC-H query 9 (scale factor = 1) on DuckDB. VIP hashing speeds up
PK-FK hash join probes, and results in 20% reduction in median (over 10 random seeds) end-to-end

query execution time at zipf =1 and zipf = 1.5.

hashing against a range of workloads generated using Wiscer that highlight the robustness of our
techniques for learning in-the-loop under different conditions. In all the experiments, we assume no
prior knowledge of the characteristics of the request distribution. The first two workloads (§3.6.2.1-
§3.6.2.2) involve fetch operations, and the last two (§3.6.2.3-§3.6.2.4) perform insert and delete
operations.

We run these workloads on a hash table with 1M entries (load factor 0.95 = 10%/22%) in the
Default configuration. Each of these workloads issue 500M operations to the hash table at low skew
(zipf = 1) unless specified otherwise. The performance gain under medium skew (zipf = 1.5) is
higher, and those results are included in [KPKP22b]. The remaining configuration options of Wiscer
are set to the defaults (Table 3.1). We compare the performance of VIP hashing to the default
hash table in Fig. 3.10-3.12.

3.6.2.1 Static Popularity

In this workload, the popularity of keys in the hash table remains the same throughout. For the
case of uniform popularity distribution (zipf = 0), the loss in throughput is 2% (Fig. 3.10a) which
is within our budget of 5% (§3.5.3.1), whereas for low skew (zipf = 1), we obtain a net gain of 22%
(Fig. 3.10b). Since the popularity distribution is static, the learn+adapt mode is triggered only at
the start of the experiment for 1.5 - htsize requests. The periodic runs of the sense mode do not
detect a change in popularity and the learn+adapt mode is not triggered again, thus minimizing

the overhead of learning.
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(a) Static popularity (§3.6.2.1) with zipf = 0 (uniform distribution). Since there
is no skew in popularity, no performance gain can be obtained from VIP hashing.
Learning adds overhead to VIP hashing (4x slower), and is only triggered at
the start for (1.5 - 229) requests (0.3s). Subsequent sensing of the popularity
distribution does not detect any change, and learning is not triggered. Total

loss in throughput is 1.9%, which is within our allocated budget.
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(b) Static popularity (§3.6.2.1) with zipf = 1 (low skew). Learning is only
triggered at the start and is 3x slower than the default (0.13s vs 0.05s respec-
tively). Sensing does not detect any changes to the popularity distribution, so
learning is not triggered again. The overhead of learning is offset by the gain
in performance from the VIP configuration. We observe an overall increase in
throughput of 21.8%.
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Figure 3.10: Comparing the performance of VIP hashing to the default (vanilla) implementation

of hash table when subjected to identical fetch-only workloads with static popularity distribution.

Workload 3.10a has uniform popularity distribution (zipf = 0) and workload 3.10b is run with low

skew (zipf =1).
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(a) Medium churn rate (§3.6.2.2) with zipf = 1. Popularity distribution shifts
every 100M requests by 25% (top 21 out of 1M keys are replaced by less pop-
ular keys). Distribution shift increases average displacement and can reduce
performance (notice drop in performance of VIP hashing at 200M requests).
Sensing triggers learning whenever it detects a significant increase in average

displacement. Throughput increases by 18.9% overall.
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(b) High churn rate (§3.6.2.2) with zipf = 1. Popularity distribution shifts
every 10M requests by 50% (top 750 out of 1M keys are replaced by less pop-
ular keys). The benefit of learning dimishes as the popularity order becomes
shuffled. Periodic sensing triggers learning every time, as frequent distribution
shifts cause significant change in average displacement. Overall, 11.8% increase

in throughput is observed.

Figure 3.11: Comparing the performance of VIP hashing to the default (vanilla) implementation of
hash table when subjected to identical fetch-only workloads with dynamic popularity distribution
at low skew (zipf = 1). In workloads Fig. 3.11a and 3.11b, popularity distribution changes at a

medium and high rate respectively.
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(a) Steady state (§3.6.2.3) with zipf = 1. 98% fetch requests, 1% insert re-

quests, and 1% delete requests. With new keys being inserted (at the front

of the buckets) and existing keys being deleted, the hash table arrangement

steadily becomes worse. Learning is triggered periodically which bounces back

the performance. An overall gain of 5.4% is observed.
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(b) Ready mostly workload (§3.6.2.4) with zipf = 1. We issue 98% fetch re-
quests and 2% insert requests. Rehashing is triggered when the load factor
reaches 1.5, which happens every 75 - htsize requests. When rehashing occurs,
we double the periodicity of sensing (Ng) and the duration of learning (Ny,), i.e.,
learning is triggered less frequently for longer duration. We observe a gain of

1% in throughput.

Figure 3.12: Comparing the performance of VIP hashing to the default (vanilla) implementation of
hash table when subjected to identical workloads with dynamic popularity distribution at low skew
(zipf = 1). In Fig. 3.12a, the workload consists of evenly balanced insert and delete operations,
while the workload in Fig. 3.12b consist of a small percentage of insert operations. Both the

workloads are dominated by fetch operations.



66

3.6.2.2 Popularity Churn

In this workload, the popularity distribution shifts over time — we simulate a medium (25%) and
high (50%) rate of shift every 100M (about 3s) and 10M (< 1s) requests respectively. Fig. 3.11a
shows the behavior of VIP hashing under medium churn — 3 out of the 4 times when the popularity
shifted, there was a substantial change in average displacement (accompanied by a decrease in
performance) which was detected in the sense mode, and learning was triggered only when necessary.
For the case of high churn (Fig. 3.11b), popularity shift occurs 50 times during the experiment, and
every run of the sense mode detects a change in distribution and learning is triggered. We obtain
a net increase of 19% and 12% in throughput for the case of medium and high churn respectively.

Thus, VIP hashing is able to sense changes in distribution and re-learn on the fly.

3.6.2.3 Steady State

Next, we create a workload with 98% fetch, 1% insert, and 1% delete requests. The cardinality
of the hash table doesn’t change substantially during the experiment, as the number of insert
and delete operations are balanced. The keys are inserted (deleted) in random positions of the
popularity order. We observe that as new keys (which are less popular with high probability) are
inserted at the front of the chains, the hash table arrangement steadily becomes worse and the
performance of VIP hashing approaches the default. A change in average displacement is sensed
every time and learning is triggered, which bounces back the performance of VIP hashing. We

observe a 5.4% gain in throughput.

3.6.2.4 Read Mostly

In this workload, we issue 98% fetch requests and 2% insert requests. New keys are inserted in
arbitrary positions in the popularity order. Similar to §3.6.2.3, we observe that the performance
steadily becomes worse as new keys are inserted at the front of the bucket chains. Inserting new
keys increase the load factor, which degrades the throughput of the default implementation as
well. Rehashing is triggered when the load factor exceeds 1.5 (happens every 75 - htsize requests),
which bounces back the performance for both the default and VIP hashing implementations. The
periodicity at which sensing is triggered (every 90-htsize requests) increases every time rehashing is
performed, as we update the parameters Ng and Ny, according to the size of the hash table (htsize).
Given that the change in the distribution is substantial, every run of the sense mode detects a change

in popularity and triggers learning. Overall, we obtain a gain of 1% in throughput.
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3.7 Related Work

Hash tables are well studied data structures in literature. Two major categories of hash tables
are chained hashing [Wika] where collisions are resolved by chaining (§3.2.1), and open address-
ing [Wike| where collisions are resolved by searching for alternate positions in an array. Richter et
al. [RAD15] study different hash table implementations spanning both the categories, hash func-
tions, workload patterns, etc. while highlighting the variability in the performance of hash tables
based on a host of factors. Similar to our work, they consider the problem of hashing 8-byte integer
keys and values.

Multiple open source hash tables [int20, Ska, BEKP18] use both categories of implementations.
For instance, Google’s flat hash table [BEKP18] uses open addressing, while the bytell (byte linked
list) hash table [Ska] uses chaining to resolve collisions. When it comes to data systems, DBMS
such as SQLite3 [sqla] and PostgreSQL [pos], as well as key-value stores such as Redis [Nat17] and
Memcached [He] use data structures that involve chaining of entries. Thus, we find that chained
hash tables are a popular choice commonly used in practice.

Skew in popularity is a well studied phenomenon. Multiple studies involving production work-
loads have found fetch requests to follow a power-law behavior [AXF*12, BCF199], which is often
captured using the zipfian distribution [BLP11, WSH19, CST*10]. For instance, the request distri-
bution in the core workloads of YCSB [Coo10] is zipfian by default. Alongside skew in popularity,
previous work [AXF*12] also discusses effects such as churn in popular keys in real world work-
loads. This is a key feature captured by Wiscer (§3.3), which is not present in any of the existing
workload generators to the best of our knowledge.

Broadly speaking, caching algorithms such as LRU-k [OOW93] and MRU [CDO05] attempt to
capture the current popularity distribution. Key-value stores designed for disk-based settings,
such as Anna [WSH19] and Faster [CPK™18] incorporate techniques to keep hot data in memory
for better performance. Recent work by Herodotou et al. [HK19] uses machine learning (ML) to
automatically move data between different storage tiers in clusters. A recurring trend to note here
is that the complexity of these schemes depend on the “budget” available, ranging from simple LRU
approach used even in processor caches, to a more complex approach involving ML in large-scale
clusters.

The budget available for learning with hash tables is extremely limited (Fig. 3.6). In the
seminal paper on learned indexes [KBC'18], the authors propose learning a hash function from
the keys such that collisions can be avoided altogether. However, recent work on learned hash
functions [SVH*21] shows that this approach encounters two major limitations — cache sensitivity,

and model complexity. While larger models are necessary to accurately capture arbitrary key
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distributions, the computation times become prohibitively high (50x higher [SVH'21]) due to
increased cache misses from accessing the model parameters. The high cache sensitivity and low
latency requirements of hash tables preclude the use of costly ML techniques.

A noteworthy aspect of the VIP hashing method is that learning is performed online, i.e.,
the hash table does not pause operation at any time. In contrast, recent work [SVH*21, HSI22]
involves learning from the data offline before populating the hash table. Adapting to changing key
distributions remains a challenge with these approaches, as their fallback mechanism is reverting
to the default hash table implementation [HSI22] or relearning [SVH'21, KBC*18], both of which

require costly rehashing that pauses execution.
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Chapter 4

Splitting Dataframes for Memory-Efficient Data
Analysis

4.1 Introduction

Data scientists often deal with large datasets that are tabular, distributed in open formats such
as CSV, JSON, and Parquet [kag]. The working environment for many data scientists are Python
notebooks, either hosted on a laptop or virtualized cloud containers. Data scientists perform tasks
such as data cleaning, feature engineering, and exploration using data analysis libraries such as
Pandas [pan], Ibis [ibi], Koalas [koa23], etc. to name a few.

Dataframe is a key tabular construct used by data analysis libraries. While different libraries of-
fer different abstractions for the dataframe object [PML*20], one common aspect of all dataframe
libraries is that they operate on a tabular view of the data loaded directly from raw data files.
Dataframes have no semantics of normalization associated with them. While loading into dataframes
directly from raw data files is convenient for data analysis, dataframe libraries are known to suffer
from high memory utilization [das23b, das23a, Wes17] as we also see in our work (Fig. 4.1).

A key contributor to high memory usage of data analysis libraries is redundancy in the data. Re-
dundancy arises when the data has correlated /dependent attributes, or attributes with few unique
values. Relational database systems have employed normalization to systematically identify and
eliminate redundancy from the data. Designing an effective relational schema involves discovering
functional dependencies in the data and taking steps to conform to a desired normal form. These
steps are often performed by a database administrator. The key question we consider is: Can spe-
cific principles of normalization from database theory be applied to dataframes to improve storage
efficiency and data analysis speed, with minimal effort on the part of the data scientist?

We describe a technique called splitting which is inspired by the lossless-join decomposition
mechanism [RGO03] from database normalization theory. Splitting can be automatically performed

on tabular data, and does not require functional dependency discovery and schema design on part
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Figure 4.1: Peak memory usage of and total running time of a notebook implemented on the NYC
parking tickets 2014 CSV dataset of size 1.9 GB. When operating on the original dataframe, the
peak memory usage of the notebook is 3.3x the size of the raw CSV data. Operating on split

dataframe reduces memory usage by 52% and improves running time by 16%.

of the user. A split dataframe internally operates on split data, while exposing the same unified
tabular interface as if operating on the original data. To demonstrate the effectiveness of splitting

for improving memory efficiency of dataframe libraries, we make the following contributions:

e [Formal definition of splitting: In a nutshell, splitting involves performing a lossless-join de-
composition [los] on a table by explicitly introducing joining keys (Fig. 4.2). Splitting can be
performed on arbitrary groups of attributes without requiring functional dependency discov-
ery.

e (Generating automatic splits with SplitGen: We developed an algorithm SplitGen that gen-
erates attribute groups for splitting using statistics from the data, and does not require the
user to perform schema design. We implemented SplitGen in Velox [PEB*22] to automati-
cally generate split CSV files.

e Splitting dataframes in Ibis with SplitDF: SplitDF is an implementation of split dataframes
in Ibis [ibi] for DuckDB [RM19] backend. SplitDF makes minimal changes to the Ibis API,
while improving memory efficiency by operating on split data under the hood.

e Fuwaluation on open datasets: We conduct our evaluation on top-voted CSV datasets collected
from Kaggle [kag]. We implemented five notebooks for the US Accidents dataset with size
1.2GB. Running the notebooks on SplitDF produces a reduction in memory usage of 19-23%
and a reduction in running time of 1-25% when operating on split data as compared to op-
erating on original data. The improvement in memory efficiency stems from the effectiveness
of splitting. Running SplitGen on twelve open CSV datasets shows that for six out of the

twelve datasets tested, we obtain more than an 40% reduction in total size from splitting.
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B C k Step 2 - Generate “dimension” table
‘ 0 0 0 SELECT B, C, min(u) as k
A B C A B C u 1 null 1 FROM R GROUP BY B, C
0 0 0 0 0 0 0
1 1 null =) 1 1 null 1 A k
2 1 null 2 1 null | 2 0 0 Step 3 - Generate “fact” table
3 0 0 3 0 0 3 \ 1 1 SELECT A, min(u) as k OVER
2 1 (PARTITION BY B, C) FROM R
Goal - Generate a split Step 1 - Add a unique key
for attribute groups {A}, {B, C} attribute 3 0

Figure 4.2: Two-way splitting of a table R = {A, B, C} into tables with schema {B, C, k} and
{A, k}, where k is the joining key. In this example, the generated split satisfies the functional
dependency k — {B, C}. Our proposed technique, splitting, is an efficient form of automatic
lossless join decomposition, i.e., the original table can be recovered by joining the split tables on
attribute k. Generating the split tables requires using aggregation and window operations. N-way

splits can be generated by splitting the fact table (N-1) times.

We give a formal specification of splitting in §4.2, followed by describing SplitDF in §4.3. We
describe the SplitGen algorithm in §4.4, followed by evaluation in §4.5. We discuss related work in
§4.6. Through our work, we aim to demonstrate the benefits of the proposed splitting mechanism

in improving the memory efficiency of dataframe libraries.

4.2 What is Splitting?

In this section, we formally define splitting in §4.2.1 followed by describing how to generate a
split in a relational engine in §4.2.2. We discuss the differences between splitting and normalization

in §4.2.3, and describe our vision splitting dataframes in §4.2.4.

4.2.1 Definition

Given a relation schema R, a two-way split of R into schemas with attribute sets X (J{k} and
Y (J{k} is such that

e XUY=R,XNY=0
o k¢ R
e cither of the functional dependencies (FDs) k — X or K — Y hold

In other words, a two-way split is a lossless decomposition of the schema R (J{k}, where the
property of losslessness follows from the constraint that either & — X or & — Y hold [RGO3].

The unique aspect of splitting is that we explicitly introduce a “joining” key k in the schema



72

that satisfies either £ — X or £ — Y allowing one to perform the split for any disjoint attribute
groups (X, Y). Given an instance r of relation R, and a two-way split of r into 2’ and ¢’ which are
respectively instances of schemas X | J{k} and Y [J{k} that satisfy the above mentioned criterion,
r can be recovered as mr(x’ X y') = r. A two-way split can easily be generalized to obtain an

n-way split of a relation schema R.

4.2.2 Generating a Split

Fig. 4.2 shows the steps involved in generating a two-way split of a relation R = {A, B, C} into
attribute groups {A} and {B, C}. The first step is to add an unique key attribute (u) to the relation
which is supported by most major database engines [pos10, duc23]. To generate a split satisfying
the FD k — {B, C}, the dimension table with schema {B, C, k} is generated by performing an
aggregation over attributes {B, C} of R. Note that k is the primary key of the dimension table. The
fact table is generated using window operation on the relation schema R | {u} over attributes {B,
C} . Note that both these operations involve simple aggregations. To generate an n-way split, one
could recursively apply splitting to the fact table to generate (n-1) dimension tables. The approach

shown in Fig. 4.2 can be implemented in any relational DBMS.

4.2.3 Splitting vs Normalization

Both splitting and normalization involve decomposition of a relation to reduce redundancy in
the schema. However, normalization also accounts for integrity constraints of the database to guard
against update, insertion and deletion anomalies. Mining functional dependencies (FDs) [PEM*15]
is an important step in normalization, and these FDs are used for generating the database schema
in normal forms [Cod71, Cod74]. Thus, two properties of decompositions that are of interest in the
context of normalization are lossless-join and dependency-preservation [RGO3].

However, guarding against insertion, update, and delete anomalies is not a primary goal of
data analysis, which often involves operations such as data exploration, cleaning, and handling
null values. Thus, the key property of decompositions that is of interest in the case of data
analysis is lossless-join. Splitting enables exploration of attribute groups that can reduce the overall
redundancy, thus improving memory-efficiency of data analysis pipelines. Unlike normalization,
splitting can be performed without functional dependency discovery and schema design on part of

the user.
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4.2.4 Splitting Dataframes

Dataframes are popular tabular structures used in data analysis libraries. Unlike a database
administrator, data scientists do not perform schema design, which would require performing func-
tional dependency discovery and normalization. Data is directly loaded from raw tabular data files
into a dataframe. Thus, we propose splitting dataframes "under the hood”, i.e., exposing the same
unified tabular interface to the data scientist as if loaded directly from the raw data file, while
internally the dataframe operates on split data.

There are two major benefits of splitting — (1) it reduces redundancy from the data, and (2)
it can be applied to raw data files using automated methods (described in §4.4) without requiring
schema design. Typically, tabular data is distributed in open formats such as CSV, Parquet, and
JSON [kag], and major relational database engines support loading and storing data from these
formats [duc]. Split data files can be generated using a relational engine, where a split file is
a collection of (ideally) smaller files corresponding to the fact and dimension tables generated
during splitting. Thus, splitting can be performed on raw tabular data without requiring manual
intervention on part of the data scientist. The data scientist can then operate on the split data
by loading it into a split dataframe that exposes a unified tabular representation to the user, as if

operating on the original data file.

4.3 Splitting Dataframes in Ibis

In this section, we describe salient features of the Ibis library (§4.3.1), followed by describing
SplitDF, our implementation of split dataframes in Ibis for the DuckDB backend (§4.3.2).

4.3.1 The Ibis library

The Ibis [ibi] library enables working on data from over fifteen backend engines in a dataframe
environment, with DuckDB being the default backend. Ibis allows working on large datasets stored
in relational databases or big data systems. This is an increasingly popular trend in data science
libraries, also adopted by other systems [JED*21, Hag20, SC21] to enable working on larger than
memory datasets. Thus, we chose Ibis as the system of evaluation given its growing popularity as

a unified dataframe interface for data analysis.
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import ibis

def init_from_csv(dbname, tablename, csv_file):
nmnn

Load data from csv_file into table tablename

return schema

def init_from_split_csv(
dbname, tablename, split_csv_folder):

Load the split files as individual tables,

and declare a view with name tablename
nmnn

return schema
### 1. Initializing DuckDB backend ###

dbname = "us_accidents.db"
tablename = "accidents"

### Default - Load CSV file into backend ###

# csv_file = "US_Accidents_Dec21_updated.csv"
# schema = init_from_csv(
# dbname, tablename, csv_file)

### Split - Load split CSV into backend ###
split_csv_folder =
"US_Accidents_Dec21_updated_split/"
schema = init_from_split_csv(
dbname, tablename, split_csv_folder)

### 2. Register the schema with Ibis ###

con = ibis.duckdb.connect (dbname)
con.register_schema (schema)

### 3. Proceed with Data Analysis Agnostic ###
HH## to the underlying format H##

df = con.table(tablename)
count_by_state = df.group_by(’State’)
.aggregate (df . count ())

Listing 4.1: Example of data analysis with SplitDF, our implementation of split dataframes in Ibis
with DuckDB backend. After initializing the backend (step 1) and registering the schema with Ibis
(step 2), data analysis proceeds agnostic to the underlying storage format. The only API change
SplitDF makes is registering the schema (step 2). SplitDF allows operation on both original and
split CSV data with no changes to the data scientist’s experience.



@ User operates on the dataframe agnostic
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Figure 4.3: Architecture of SplitDF when operating on split data. Split CSV data is loaded into the

backend database and exposed as a view to Ibis. The schema of the view is registered with the Ibis

query rewriting layer (introduced in our work), which generates efficient SQL queries depending

on the schema of the data (split vs unified). The user can conduct data analysis agnostic to the

underlying storage format.
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4.3.2 SplitDF

We develop SplitDF, an implementation of split dataframes in Ibis for DuckDB backend. The
approach taken by SplitDF can be applied to Ibis for other relational backend engines as well.
SplitDF has the following key features:

e Fxposing split data as a unified view: To retain the same unified tabular dataframe interface
for the user, we load the split files in the backend engine and declare a view. Ibis does not
differentiate between tables and views, so the users can operate on a dataframe corresponding
to the unified view agnostic to the underlying storage format.

o The query rewriting layer: We implemented a query rewriting layer in Ibis which transpar-
ently generates optimized SQL queries when operating on split data. The query rewriting
layer maintains information about the underlying schema of the data, and generates SQL
queries such that only the required dimension tables are joined with the fact table when op-
erating on split data. While one might expect the query optimizer in the backend engine to
perform said optimization, our analysis showed that the optimization is missing in prominent
database engines, namely PostgreSQL and DuckDB. The query rewriting layer internally uses
the SQLGlot transpiler library [sql23].

e Minimal changes to the user experience: The only API change made by SplitDF is registering
the schema of the data with Ibis to generate efficient SQL queries using the query rewriting
layer. The user can conduct data analysis on a single dataframe corresponding to the unified

tabular view of the data, when when operating on split data.

Listing 4.3 shows the programmer’s experience when working with SplitDF. After (1) setting
up the backend, and (2) registering the schema with Ibis, (3) data analysis can proceed agnostic to
the underlying layout of data. Thus, SplitDF makes minimal changes to the Ibis API. The query
rewriting layer generates efficient SQL for split data by joining only the required dimension tables
with the fact table as shown in Fig. 4.3. It should be noted that both the original and the split data
are stored in column store format in the DuckDB backend engine of SplitDF, and optimizations

made by the backend engine, such as columnar storage, apply to both original and split data.

4.4 Generating Automatic Splits

A critical aspect of splitting is the choice of attribute groups such that redundancy in the data
is reduced. We propose a greedy algorithm to find attribute groups that reduces the total size of
the split data (§4.4.1). We also describe an implementation of this algorithm in Velox [PEB*22] to
generate split CSV files (§4.4.2).
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Algorithm 6 SplitGen: Generating Attribute Groups for Splitting

1: procedure GENATTRIBUTEGROUPS(t) >t is a table
2 attrs < t.attributes
3 nrows < t.nrows
4 distinct_count < [CountDistinct(t[a]) for a in attrs]
5: > Sorted by increasing value of distinct count
6 attrs < sort(attrs, key = distinct_count)
7 distinct_count < sort(distinct_count)
8 max_size < [MaxValueSize(t]a]) for a in attrs]
9 avg_size < [AvgValueSize(t[a] for a in attrs]
10: stats < (nrows, attrs, distinct_count, max_size, avg_size)
11:
12: attr_group < {}, dims <[], fact <[], i <=0
13: while i < len(attrs) do
14: candidate < attr_group.add(attrs|i])
15: estimated_size < ESTIMATESPLITSIZE(candidate, stats)
16: actual_size < ACTUALSIZE(candidate, stats)
17: if estimated_size < actual_size then
18: attr_group < candidate
19: 14+ 1i+1 > Try adding the next attribute
20: else if size(attr_group) > 0 then
21: dims.add(attr_group)
22: attr_group < {} > Start a new group
23: else
24: fact.add(attrs[i)) > attr[i] could not be split
25: 1 1+1

26: return (dims, fact)
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27: procedure ACTUALSIZE(candidate, stats)

28:
29:
30:
31:
32:

33:
34:

35

36:
37:
38:
39:
40:
41:
42:

43:
44:
45:

(nrows, attrs, distinct_count, max_size,avg_size) = stats
pos < attrs.get_indexes(candidate)
size < 0
for 7 in pos do
size < size + nrows X avg_sizeli]

return size

: procedure ESTIMATESPLITSIZE(candidate, stats)

(nrows, attrs, distinct_count, max_size, avg_size) = stats
pos <— attrs.get_indexes(candidate)
est_nrows < 1
est_tuple_size < 0
for 7 in pos do
est_nrows < est_nrows x distinct_count]i]
est_tuple_size < est_tuple_size + maz_sizeli
est_tuple_size < est_tuple_size + 8

size + est_tuple_size X est_nrows + nrows x 8

return size

> 8-byte joining key
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4.4.1 SplitGen: A greedy algorithm for split schema generation

The goal of generating splits is to reduce the redundancy in the data. We propose a greedy
algorithm SplitGen which can be automatically executed on a table without requiring functional
dependency discovery and schema design on part of the user. Instead, SplitGen utilizes statistics
about the data to produce attribute groups for splitting. Splitting can subsequently be performed
in a relational engine as shown in Fig. 4.2. Algorithm 6 describes the SplitGen algorithm, which
generates attribute groups for the dimension tables (dims) and the fact table (fact) for splitting.
The algorithm has the following components/steps:

1. Statistics: The SplitGen algorithm utilizes three key statistics about the data, namely the
number of distinct values, the maximum value size, and the average value size of each of the
attributes.

2. Sliding window over attributes: The attributes are sorted in ascending order of their distinct
count. The algorithm attempts to group together attributes starting from the attribute with
least number of distinct values. For each candidate attribute group, the size of the split is
estimated and compared to the actual size of the attribute group. The algorithm continues to
add attributes to the candidate attribute group, until the estimated split size is less than the
actual size.

3. Generating attribute groups for dimension and fact tables: Attribute groups for which the esti-
mated split size is less than the actual size are added to the dims array, which will correspond
to a dimension table. Note that dictionary encoding is a special case of this algorithm when
the size of the attribute group is one. Any attributes that are not estimated to generate benefit
from dictionary encoding (which is the minimal split possible) are retained in the fact table.

4. Estimating the size of the split: The algorithm uses a conservative estimate of the size of the
generated dimension table. The cardinality of the dimension table is estimated as the product of
number distinct values of each of the attributes (which is the upper limit as not all combinations
of attribute values might occur in the data) times the tuple size (estimated as the sum of the
maximum value size for each of the attributes, plus the size of the joining key, which is again an
upper limit). Extra space needed for the joining key attribute in the fact table is also accounted

for. Thus, the estimated size of the split is an upper limit on the real size of the split.

The algorithm is guaranteed to generate attribute groups for splitting that lead to a net re-
duction in size, since attribute groups are generated where the estimated split size is smaller than
the actual size, and the size of the generated split is at most the estimated split size (we use a

conservative estimate). Since the costliest step is sorting the attributes by their distinct count, the
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complexity of this algorithm is O(a-log(a)), where a is the number of attributes in the table. While

running a sliding window to generate attributes groups, each attribute is considered at most twice
to be added to the candidate attribute group, and the complexity of this part of the algorithm is
O(a).

4.4.2 Splitting CSV files in Velox

We developed a module in Velox [PEB122] that automatically generates split CSV files. A
split CSV file is a collection of CSV files corresponding to the fact and dimension tables generated

during splitting. Below are the important components of our implementation:

e Reading/Writing CSV files using Apache Arrow: Velox currently does not support read-
ing/writing from CSV files. The module use Apache Arrow [arr]| to ingest input CSV files
and write split CSV files.

e Implementing SplitGen: The statistics utlized by SplitGen are obtained using aggregate
functions in Velox. To estimate the distinct count of each attribute, we use the Hyper-
LogLog [FN85, FFGM12] aggregate function in Velox. To estimate the size of the split, we
relax SplitGen to use average value size in our implementation. Thus, the splits generated
by our module are not guaranteed to be smaller, but practically we find that our module
yields split CSV files that are significantly smaller in size (see §4.5.3).

e Generating split tables: The module uses aggregation and window operations as shown in
Fig. 4.2 to generate dimension and fact tables respectively. To generate N-way splits, splitting

is recursively applied to generated fact table (N-1) times.

Thus, splitting can be applied automatically to CSV files without manual intervention and

schema design using the developed module in Velox.
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Figure 4.5: We implemented five notebooks for the US-Accidents dataset. When operating on the
split dataframes, we observe a 19-23% reduction in peak memory usage across all notebooks, while
the running time of the notebooks reduces by 1-25%. A large component of this reduction stems

from reduction in data loading time, which is 55% lower for the split file.

4.5 Evaluation

In this section, we evaluate the performance of notebooks running on SplitDF (§4.5.2), followed
by the efficiency of SplitGen for generating split data (§4.5.3). The evaluation is conducted on
top-voted CSV datasets from Kaggle [kag] listed in Table 4.1.

4.5.1 Experimental Setup

The experiments in this section have been run on a laptop with 16GB RAM and 8 virtual
cores. All experiments and microbenchmarks have been written in Python. The operating system
is Ubuntu 20.04.6 LTS. Memory usage reported in all experiments is the peak resident set size

during the process’ lifetime, obtained using the GNU time [gnu] tool.

4.5.2 Running notebooks on SplitDF

Fig. 4.3 shows the architecture of SplitDF. To evaluate the effectiveness of split dataframes,
we implement five Ibis notebooks for the US Accidents (1.2GB) dataset. The notebooks cover the
wide range of operations typically conducted for data analysis — feature engineering, handling null
values, exploratory data analysis — to name a few. All of these notebooks have been made available
in our GitHub repository [git23].

The results are shown in Fig. 4.5. The split datasets for these notebooks have been generated

using the implementation of SplitGen in Velox (§4.4.2). In all the notebooks, we find that the
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Table 4.1: Top-voted CSV datasets from Kaggle. We analyze datasets with sizes ranging from
50MB to 4.8GB.

CSV Dataset Name Abbreviation Size
FIFA 20 complete player dataset [fif] FIFA | 51 MB
COVID-19 dataset [cov] COVID | 75 MB
Emergency - 911 Calls [e91] 911 | 123 MB

Brazilian E-Commerce Public
Dataset by Olist [eco]

ECOMM | 126 MB

Football Events FBALL | 183 MB
Data Science for Good: DSG | 233 MB
Kiva Crowdfunding [dsg]

515k Hotel Reviews in Europe [hot] HOTEL | 238 MB
Bitcoin Historical Data [bit] BITCOIN | 318 MB
FitBit Fitness Tracker Data [fit] FITBIT | 338 MB
US Accidents (2016-19) [acc] ACCIDENT | 1.2 GB
NYC Parking Tickets 2014 [nyc] NYC | 1.9GB

Flight Status Prediction (2018-19) [fli] FLIGHT | 4.8 GB
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peak memory usage reduces by a significant amount of 19-23% when running on split dataframes,
while the running time of the notebooks reduces by 1-25%. A large portion of the improvement in
running time stems from the reduction in data loading time (55% lower), as the size of the split

file for this dataset is 44% lower.

4.5.3 Splitting CSV Data with SplitGen

We perform splitting on twelve top-voted CSV datasets collected from Kaggle listed in Table 4.1.
We have chosen a wide range of datasets with sizes ranging from 50MB to 4.8GB.

To demonstrate the efficiency of SplitGen algorithm, we compare the relative sizes of original
vs split CSV datasets. Fig. 4.6 shows the reduction in raw data size from splitting — for six out
of the twelve datasets tested, we obtain a substantial reduction in total size of more than 40%
(median reduction of 39.5%), which shows the effectiveness of SplitGen in reducing redundancy.

To show the promise of working with split tabular data, we compare the memory footprint of
three prominent libraries in the Data Science ecosystem — PyArrow [pya] (Fig. 4.7), DuckDB [RM19]
(Fig. 4.9), and Pandas [pan| (Fig. 4.8) — when loading the original vs the split CSV dataset. For
the three libraries, we obtain a median reduction in memory usage of 39.0%, 33.5%, and 35.2%
respectively. Note that for the FLIGHT dataset, both PyArrow and Pandas run out of memory
when loading the original raw data, while Pandas runs out of memory for the NYC dataset as well.

Splitting reduces memory footprint, enabling Pandas and PyArrow to load these large datasets.

4.6 Related & Future Work

The issues related to high main memory usage of dataframe libraries such as Pandas [pan, Wes17|
are well known, making it challenging to analyze large datasets. Consequently, there have been
multiple efforts in the community to scale data analysis to larger datasets. Modin [PML"20]
and Dask [das| leverage a distributed runtime such as Ray [MNWT17] to perform operations on
distributed dataframes. Other efforts are Vaex [vae23] which uses lazy evaluation and memory
mapping, and RAPIDS cuDF [cud23] which utilizes the GPU to enable data scientists to work
with larger datasets on a single machine. The primary goal of these efforts remains scaling to
larger datasets, and not necessarily optimizing memory usage [das23b, das23a] which remains an
important challenge.

Inspired by the pandas API, newer dataframe APIs have been developed that run atop rela-
tional database systems to draw benefits off their performance and efficiency. The Ibis [ibi] API
is supported over multiple backends ranging from in-process DBMS such as DuckDB [RM19], to

cloud-based solutions such as Snowflake [DCZ"16]. Grizzly [Hag20] utilizes a transpiler to convert
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Figure 4.6: Reduction in CSV dataset size from splitting. For six out of the twelve datasets tested,

we obtain a substantial reduction in size of over 40% from splitting using the SplitGen algorithm.
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Figure 4.7: Reduction in PyArrow memory usage when loading split CSV dataset compared to

loading the original dataset. For six out of twelve datasets tested, we obtain over 40% reduction in

memory usage when loading split CSV datasets. For the FLIGHT dataset (marked red, in which

case the x-axis indicates memory usage for the split dataset), PyArrow ran out of memory when

loading the original dataset.



Reduction in Pandas Memory Usage from Splitting

85

100 ® @
FLIGHT NYC
§ 80 A
[
()}
©
260 -
= covib FITBIT o
L]
S 40/ eRBALL ACCIDENT
B 911 HOTEL
= o |®
g 297 . ®DSG
FIFA ECOMM
04 o ®BITCOIN
loo0MB ZOdMB 50(5MB 1CISB 2CIEB 5CI§B 10IGB

Original Memory Usage (log scale)

Figure 4.8: Reduction in Pandas memory usage when loading split CSV dataset compared to loading

the original CSV dataset. For six out of twelve datasets tested, we obtain over 40% reduction in

memory usage when loading split CSV datasets. For the FLIGHT and NYC datasets (marked red,

in which case the x-axis indicates memory usage for the split dataset), Pandas ran out of memory

when loading the original datasets.
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Figure 4.9: Reduction in DuckDB memory usage when loading split CSV dataset compared to

loading the original CSV dataset.

reduction in memory usage when loading split CSV datasets.

For five out of twelve datasets tested, we obtain over 40%
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pandas-like APT to SQL. A similar approach is taken by the PyFroid compiler of Magpie [JED'21],
which converts pandas expressions into language agnostic IR utilizing Ibis, and leverages opti-
mized relational backends in the cloud whenever possible. Other notable solutions that run atop
relational DBMS are PySpark [pys23] and Koalas [koa23]. While these efforts recognize the per-
formance and efficiency of relational DBMS, they do not leverage the fundamental optimization of
lossless decomposition employed by relational DBMS.

There is a rich theory of normalization [Cod70, Cod71, Cod74, DDF12] for removing redundancy
and improving the integrity of relational databases. The key distinction between normalization and
splitting is that normalization requires obtaining functional dependencies from the data. Authors
of [PEM™15] conduct a thorough evaluation of prominent functional dependency discovery algo-
rithms. In general, FD discovery is an expensive operation and its complexity has been shown to
be O(n?(%%)*2™) [LLLC12], i.e., quadratic in number of rows (n), and exponential in number of at-
tributes (m). There is abundant work on finding functional dependencies, and different algorithms
can broadly be classified based on finding 1) exact functional dependencies, such as DFD [ASN14],
GORDIAN [SBHRO06], and HyFD [PN16], and 2) approximate functional dependencies (where a
dependency can be violated by only a fraction of the rows) such as PYRO [KN18|, FDX [ZGR20],
and TANE [HKPT99]. Although obtaining functional dependencies from the data is strictly not
required for splitting, functional dependencies can help generate attribute groups with correlat-
ed/dependent attributes grouped together to further improve the efficiency of splitting. Given the
expensive nature of FD discovery, techniques involving sampling and discovering correlation be-
tween columns (“soft” FDs) such as CORDS [IMH04] can potentially be used to improve split
schema generation, which we aim to explore as part of future work.

Splitting can also be interpreted as a compression technique. Unlike syntactic compression tech-
niques such as Lempel-Ziv encoding [ZL78] that treat data as a string, splitting involves extracting
a structure out of the data by decomposing it into smaller fact and dimension tables. Given this
motivation, splitting is similar to the work on semantic compression of relational data, where seman-
tic relationship between the attributes is used to extract a structure for compressing data. There
are two categories of semantic compression techniques — 1) lossy (i.e., allowing controlled error in
attribute values), with some key techniques being ItCompress [JNOT04], SPARTAN [BGRO1], and
Fascicles [JMN99], and 2) lossless, such as augmented vector quantization [NR95], SInC [WSW22],
and techniques proposed by Huang et al. [hua]. These semantic compression techniques can be used
along with syntactic compression techniques, and are thus orthogonal. Another compression tech-
nique used in relational database systems is factorization [OS16], which involves representing query

results as compact cartesian products, and is thus orthogonal to splitting as well.
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Split files can be utilized as a storage format to improve storage efficiency. Another popular
storage format with a similar goal is Apache Parquet [par], that divides the file into row groups,
and data is stored in a columnar format within each row group. Within a row group, compression
techniques such as Gzip [gzi] and Snappy [sna] are utilized to reduce space. Storing data in a
columnar format improves the co-location of values of the same data type, and improves the effciency
of compression. Yet, compression is performed locally in a row group, and does not utilize global
patterns or correlation between attributes as one can with splitting. Storage formats such as
Parquet can be utilized to further improve the storage efficiency of split files.

It should be noted that splitting dataframes in SplitDF currently benefits only the exploratory
data analysis portion of notebooks. Future work can involve exploring the application of splitting
to ML libraries such as CatBoost [cat] and XGBoost [CG16] to benefit the end-to-end lifecycle of
a data science notebook. Splitting can also be implemented in other dataframe libraries such as
pandas. Another opportunity for future work is to perform workload-aware splitting, where the
knowledge of user queries can help to generate splits that reduce the number of joins performed

overall, thus balancing query time along with the memory efficiency and data loading time.
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Chapter 5

Conclusion

Data analytics emcompasses a wide range of tools that enable organizations to make data-driven
decisions. Given the volume of data globally is increasing at an exponential rate, resource-efficiency
is an important aspect of data analytics going forward. In our work, we explored three avenues of
improving the resource-efficiency of fundamental data structures by utilizing the properties of the
hardware, the properties of the workload, and re-evaluating the system interface.

At the lowest level, we explore how systems can efficiently utilize storage devices such as solid
state drives (SSDs) by adapting to the properties of a specific device, which can lead to improve-
ments in performance and/or increase the lifetime of the SSD. Given that SSDs are extensively
used in datacenters that contain large volumes of homogeneous hardware, adapting a system to the
particular make of a device can be beneficial in the present-day cloud era.

Adapting to the workload is yet another opportunity for improving the resource-efficiency of
systems. In our work, we developed VIP hashing, a hash table method that utilizes lightweight
learning and statistics to adapt to skew in the workload in an online manner, improving the cache-
efficiency of the hash table. Over the past years, there has been ample work on developing instance-
optimized database systems that utilize properties of the workload to improve the performance and
resource efficiency of systems. Going forward, there is an active push from hyperscalers to integrate
these learned techniques into their systems.

Finally, by re-evaluating the abstractions provided by fundamental data structures in data
science, namely dataframes, we described a technique called splitting that improves the memory-
efficiency of data analysis libraries. Inspired by relational database systems that extensively uti-
lize normalization to remove redundancy from data, splitting involves automatically generating a
schema by explicitly introducing joining keys. We propose splitting dataframes under the hood,
i.e., continuing to provide the same unified interface as traditional dataframes, while operating on
split data under the hood. Given that the initial prototype results for split dataframes in the Ibis

library look promising, we look forward to the impact that this technique can have going forward.
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