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Abstract

Modern large-scale data processing platforms require techniques to process data at high
speeds, as there is an arms race towards building and deploying near real-time analytical
systems. The primary goal of this dissertation is to design fast analytical data processing
techniques that aim to process data at or near the speed of the underlying hardware.

In this dissertation, we describe several techniques that can improve the speed and
scalability of interactive analytic data processing systems. First, we present a fast scan
method, which is a core operation in interactive analytic data engines. The proposed scan
method, called BitWeaving, exploits the parallelism available at the bit level in modern
processors, and operates on multiple compressed data items in each processor instruction.
Second, we describe an encoding scheme that turns skew in both the data and predicate
distributions into a benefit for scan performance. This scheme creates encodings that map
frequent data items to (compressed) codes that can easily be distinguished from other
codes by only examining a few bits in the full code. Consequently, the encoding scheme
reduces the memory bandwidth and CPU costs that are consumed when evaluating scans.
Third, given these fast scan algorithms and other technical trends, we believe that an old
idea, namely denormalization, now becomes more practical in modern analytical systems.
The last part of the thesis presents a technique called WideTable, which uses aggressive
denormalization to flatten a database schema into one or more “wide tables”, and converts
complex join queries to simple and efficient (BitWeaved) scans on the denormalized table.
To avoid the pitfalls associated with denormalization, e.g. large space overhead, WideTable
uses a combination of techniques including dictionary encoding and columnar storage.

Finally, we benchmark the performance of the proposed techniques in the Quickstep
database system. We experimentally evaluate our methods, and compare them to the
leading open-source main memory DBMS in a main memory setting using the TPC-H and
the star schema benchmarks. We find that our methods outperform the traditional method
for nearly all queries, with over an order of magnitude in performance improvement on
a majority of queries. In addition, our methods also show better scalability on modern
multi-core CPUs.
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Chapter 1

Introduction

Analytical data query processing systems today face a host of challenges and opportunities
that were not as prominent just a few years ago.

First, the hardware landscape has changed dramatically in recent years. Modern server
systems adopt multi-socket multi-core CPU architecture and NUMA-based memory ar-
chitecture. Today’s database server systems often contain 4 to 8 sockets, each of which
has up to 20 CPU cores. Consequently, it is not uncommon to execute tens to hundreds of
concurrent threads in a single database server system. In addition, large main memory
configurations are now very common and affordable. Commodity servers with hundreds
of gigabytes to terabytes of DRAM are increasingly economical. Memory densities are
predicted to continue to grow over the upcoming decade, and fully or mostly in-memory
processing is increasingly common for many analytical applications. This technological
trend has led to the resurgence of main memory databases and has pushed in-memory
computing to the forefront of data analytics products that are offered today. Many systems
have been developed to meet this growing requirement in both the research community, e.g.
MonetDB [16, 15, 41], Blink [80], Hyper [48], Spark [103], Shark [99], and in the industry,
e.g. Vectorwise [106], SAP HANA [27], Oracle Exalytics [72] and IBM DB2 BLU [79]. These
analytical data processing systems have developed a couple of key techniques over the last
two decades, which are different from the traditional DBMS model that traces its roots
back to System R [9] days. These key techniques include using columnar storage organiza-
tion, optimizing relational operations for CPU cache/TLB performance, and employing
a vectorized query execution model. However, the fundaments of how query plans are
assembled and executed has largely remain unchanged. In other words, there hasn’t been
quite a “re-thinking from basics” for query processing in these main-memory analytical
data processing environments.

Second, there is increasing need for high performance on analytic workloads. The
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focus on performance is driven by a number factors, including closer integration of data
analytics with decision-making in enterprises, which naturally leads to a demand for
interactive analytics. Interactive response times often make a huge difference in data
science, monitoring, advertisement, rapid prototyping, debugging of data pipelines, and
other key data processing applications. This increasing demand can be seen by the recent
interest in building large-scale interactive analytics systems like Google Dremel [69] and
Facebook Scuba [5]. In addition, performance is also critical as the move to cloud settings
(both public and private clouds) has made “accountability” a bigger emphasis for users
of the analytics systems. For example, when running analytics in rented public clouds,
higher performance translates to lower monetary cost for running the data analytics service.
Even when running in private clouds, there is an increasing trend to monitor the usage
of the cloud resources for groups within the enterprise and to “bill” each group to create
increased awareness about the costs that each group is incurring.

Finally, there is a shift in many data analytics environments to read-mostly settings.
Data that is loaded into such warehouses is often not updated in-place, and new data is
often appended to the existing database. This shift can be seen by the huge interest in
moving SQL-based workloads to Hadoop-based systems like Impala [52], Hive on Tez [38],
Apache Drill [68], and HAWQ [17]. Since these systems are built on top of the Hadoop
Distributed File System (HDFS), and since HDFS is append-only, these systems naturally
have to live with this read-mostly constraint. But, it turns out that many warehousing
scenarios are amenable to this paradigm of read-mostly settings.

A natural question is whether the technological factors listed above require us to rethink
how we build modern analytical systems. The main focus of this dissertation is to design,
implement, and experiment with analytical data processing techniques that meet these
requirements. More specifically, we aim to build systems to leverage these opportunities
and run analytical queries at “bare metal” speeds. Essentially, this means that the system
must aim to process data at or near the speed of the underlying hardware. There is a
huge gap, often more than a order of magnitude, between the highest performance that
analytical database systems deliver today and the raw speed of the underlying hardware.
The primary goal of this dissertation is to close this gap, producing fast analytical data
processing techniques.

In order to exploit the full potential of the hardware, this dissertation takes the approach
of thinking bottom-up from the hardware to the software. This hardware-software co-
design approach naturally forces us to compare the raw performance of the hardware and
the end performance delivered by data analytics systems running on this hardware to ask
if there are technical mechanisms that could be developed to allow for the software to
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deliver bare-metal performance.
Following this philosophy, this dissertation first develops key data processing kernels

(e.g. implementation of selection operator algorithms) that can run at the speed of the
underlying hardware, and then finds ways to compose them efficiently to answer more
complex queries in a data processing system.

As the first aspect in this dissertation, we have designed a fast scan method, called
BitWeaving [64], which is a core data processing kernel in large-scale analytic data pro-
cessing systems. As background for BitWeaving, we note that a lot of attention has been
paid to running scans efficiently, including using column stores and using SIMD-based
parallelism. With the state-of-the-art techniques, it still takes many cycles per input value
to apply simple predicates on a single column of a table. The BitWeaving technique, how-
ever, exploits the parallelism available at the bit level in modern processors. BitWeaving
operates on multiple bits of data in a single cycle, processing bits from different column
values in each cycle. Thus, bits from a batch of tuples are processed in each cycle, allowing
BitWeaving to drop the cycles per column to below one in some case. BitWeaving comes
in two flavors: BitWeaving/V which looks like a columnar organization but at the bit
level, and BitWeaving/H which packs bits horizontally. We also developed an arithmetic
framework that is needed to evaluate predicates using these BitWeaved organizations.
Our experimental results show that both these methods produce significant performance
benefits over the existing state-of-the-art methods, and in some cases produce over an order
of magnitude in performance improvement.

In the next step, we shifted our focus to encoding techniques that have been commonly
used with the efficient scan algorithms in in-memory data analytic systems. Data in modern
data processing systems is often stored in compressed form using dictionary encoding or
other order-preserving encoding schemes. We observe that in such systems, there is an
opportunity to turn data skew, a common and well-known phenomenon in real workloads,
into a benefit that can be leveraged to further accelerate the scans in a data processing
system. In the second part of this dissertation, we propose a dictionary-based encoding
scheme, called padded encoding scheme [63], to address this opportunity. The proposed
scheme creates encodings that map common attribute values to codes that can easily be
distinguished from other codes by only examining a few leading bits in the full code.
Consequently, scans on columns stored using the padded encoding scheme can safely
prune the computation without examining all the bits in the code, thereby reducing the
memory bandwidth and CPU cycles that are consumed when evaluating scan queries. Our
padded encoding method results in a fixed-length encoding, as fixed-length encodings are
easier to manage. With the design of the padded encoding scheme in place, we develop
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an algorithm that can construct an optimal padded encoding. To reduce the algorithmic
time complexity, we also propose a more practical padded encoding algorithm that uses
heuristics and provides a near-optimal solution.

The main focus of the first two aspects of this dissertations is on the scan primitive,
which is the core step in the execution of selection queries. Scans are far simpler to execute,
making them crucial to high-performance analytical systems. Nevertheless, analytical
applications require the technique to efficiently answer more complex queries, e.g. the
queries that contain joins or nested subqueries. Consequently, in the third part of this
dissertation, we considered how to expand the “sweet spot” of the bare metal performance
of BitWeaving and the padded encoding techniques to a wider variety of analytical query
processing, i.e. how to use scan operations to efficiently answer more complex queries.

The answer that we have come up with is called WideTable [65], which uses aggressive
denormalization to flatten a database schema into one or more wide tables. Queries on the
original database, even complex join queries, now become simple and efficient (BitWeaving)
scans on the wide (denormalized) tables. When denormalizing the data, WideTable uses
outer joins to ensure that queries on tables in the schema graph, which are now nested
as embedded tables in the WideTable, are processed correctly. Although the idea of
denormalization is quite old, we observe that it is becoming practical in modern analytical
database systems due to several technical trends, as described next. First, in modern
analytic environments, it is very common to see read-mostly append-only workloads. For
example, nearly all analytical tools in the Hadoop ecosystem belong to this category. Thus,
given the read-mostly append-only environments, maintaining a denormalized table is no
longer a significant challenge (compared to an environment that allows in-place updates).
Second, modern analytical databases tend to store database tables as columns of data,
rather than as rows of data. A column-oriented database serializes all of the values of
a column (attribute) together. As a result, to evaluate a given query, column-oriented
databases only access the column values that are required for the query, regardless of how
many columns there are in the underlying table. Consequently, adding more columns
when using denormalization is nearly “cost-free” in terms of the query processing cost.
Third, modern database systems use encoding techniques to compress data, and thus
control the space overhead that is associated with denormalization. Finally, the emergence
of efficient scan methods, like BitWeaving, improves the speed of the key access method
that is used to answer queries on the denormalized tables.

WideTable and BitWeaving have been implemented in Quickstep – a larger umbrella
project that is building a distributed data processing engine that runs at bare metal speeds.
Using this implementation, we experimentally evaluate our methods in a main memory
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setting using all the 13 queries in the Star Schema Benchmark (SSB). WideTable can run all of
the 13 queries in the benchmark. We have also compared WideTable to MonetDB [16, 15, 41],
a leading open-source main memory DBMS, and found that WideTable outperforms
MonetDB on all queries, with over an order of magnitude in performance improvement
on nearly all of the 13 SSB queries. WideTable also shows better scalability than MonetDB
on modern multi-core CPUs. We also present more detailed experiments to evaluate the
key BitWeaving scan methods, which clear show that the BitWeaving methods produce
significant performance benefits over the existing state-of-the-art methods, and in some
cases produce over an order of magnitude in performance improvement.

This dissertation is organized as follows.
First, Chapter 2 presents the BitWeaving technique that focuses on running scans in a

main memory data processing system at bare metal speed. The purpose of this work is
to improve the performance of the most widely used operations – scans in the WideTable
approach. In additional, we present an arithmetic framework that is needed to evaluate
complex selection predicates using these BitWeaving scan methods. The BitWeaving
technique was initially presented in [64].

Second, Chapter 3 introduces the padded encoding scheme that turns skew in both
the data and query predicate distribution into a benefit that can be leveraged to further
accelerate the scan primitives in a data processing system. The details about how we
encode (compress) a database are present in this chapter. The padded encoding scheme
was originally described in [63].

Next, Chapter 4 presents the denormlization technique that aims to answer more
complex queries with efficient scan primitives in analytical data processing systems. This
chapter also contains an empirical evaluation of the Quickstep engine with and without
the WideTable and BitWeaving techniques, using the Star-Schema Benchmark. The initial
results of this work were described in [65]. In Chapter 4, we extend this work by adding the
space and time analysis of the denormalization method, an evaluation of the performance
impact of the techniques used in the WideTable design, and an evaluation of the query
processing performance by varying the selectivity of selection predicates.

Finally, Chapter 5 outlines the contributions of the dissertation and discusses future
work.
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Chapter 2

BitWeaving: fast scans for main memory
data processing

A key operation in a main memory DBMS is the full table scan primitive, since ad hoc
business intelligence queries frequently use scans over tabular data as base operations. An
important goal for a main memory data processing system is to run scans at the speed of the
processing units, and exploit all the functionality that is available inside modern processors.
For example, a recent proposal for a fast scan [96] packs (dictionary) compressed column
values into four 32-bit slots in a 128-bit SIMD word. Unfortunately, this method has two
main limitations. First, it does not fully utilize the width of a word. For example, if the
compressed value of a particular attribute is encoded by 9 bits, then we must pad each 9-bit
value to a 32-bit boundary (or what ever is the boundary for the SIMD instruction), wasting
32 − 9 = 23 bits every 32 bits. The second limitation is that it imposes extra processing to
align tightly packed values to the four 32-bit slots in a 128-bit SIMD word.

In this chapter, we propose a set of techniques, which are collectively called BitWeav-
ing, to aggressively exploit “intra-cycle” parallelism. The insight behind our intra-cycle
parallelism paradigm is recognizing that in a single processor clock cycle there is “abun-
dant parallelism” as the circuits in the processor core are simultaneously computing on
multiple bits of information, even when working on simple ALU operations. We believe
that thinking of how to fully exploit such intra-cycle parallelism is critical in making data
processing software run at the speed of the “bare metal”, which in this study means the
speed of the processor core.

The BitWeaving methods that are proposed in this chapter target intra-cycle paral-
lelism for higher performance. BitWeaving does not rely on the hardware-implemented
SIMD capability, and can be implemented with full-word instructions. (Though, it can
also leverage SIMD capabilities if they are available.) BitWeaving comes in two flavors:
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Figure 2.1: Performance Comparison between BitWeaving and other scan methods.

BitWeaving/V and BitWeaving/H, corresponding to two underlying storage formats. Both
methods produce as output a result bit vector, with one bit per input tuple that indicates if
the input tuple matches the predicate on the column.

The first method, BitWeaving/V, uses a bit-level columnar data organization, packed
into processor words. It then organizes the words into a layout that results in largely
sequential memory address lookups when performing a scan. Predicate evaluation in
the scan operation is converted to logical computation on these “words of bits” using the
arithmetic framework proposed in this chapter. In this organization, storage space is not
wasted padding bits to fit boundaries that are set by the hardware. More importantly, in
many cases, an early pruning technique allows the scan computation to be safely terminated,
even before all the bits in the underlying data are examined. Thus, predicates can often be
computed by only looking at some of most significant bits in each column. This scheme
also naturally produces compact result bit vectors that can be used to evaluate the next
stage of a complex predicate efficiently.

The second method, BitWeaving/H, uses a bit organization that is a dual of BitWeav-
ing/V. Unlike the BitWeaving/V format, all the bits of a column value are stored together
in BitWeaving/H, providing high performance when fetching the entire column value.
Unlike previous horizontal bit packing methods, BitWeaving/H staggers the compressed
values across processor words in a way that produces compact result bit vectors that are
easily reusable when evaluating the next stage of a complex predicate.

Both BitWeaving methods can be used as a native storage organization technique in a
column store database, or as an indexing method to index specific column(s) in row stores
or column stores.

Figure 2.1 illustrates the performance of a scan operation on a single column, when
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varying the width of the column from 1 bit to 32 bits (Section 3.6 has more details about
this experiment). This figure shows the SIMD-scan method proposed in [96], and a simple
method (labeled Naive) that scans each column in a traditional scan loop and interprets
each column value one by one. As can be seen in the figure, both BitWeaving/V and
BitWeaving/H outperform the other methods across all the column widths. Both BitWeav-
ing methods achieve higher speedups over other methods when the column representation
has fewer number of bits, because this allows more column predicates to be computed in
parallel (i.e. the intra-cycle parallelism per input column value is higher). For example,
when each column is encoded using 4 bits, the BitWeaving methods are 20X faster than
the SIMD-scan method. Even for columns that are wider than 12 bits, both BitWeaving
methods are often more than 4X faster than the SIMD-scan method. Note that as described
in [96], real world data tends to use 8 to 16 bits to encode a column; BitWeaving is one
order of magnitude faster than the SIMD-scan method within this range of code widths.

The contribution of this chapter is the presentation of the BitWeaving methods that
push our intra-cycle parallelism paradigm to its natural limit – i.e. to the bit level for each
column. We also develop an arithmetic framework for predicate evaluation on BitWeaved
data, and present results from an actual implementation.

The remainder of this chapter is organized as follows: Section 2.1 contains background
information. The BitWeaving methods and the related arithmetic framework is described
in Sections 2.2 through 2.4. Section 2.5 contains our experimental results. Related work is
covered in Section 2.6, and Section 2.7 contains our concluding remarks.

2.1 Overview

Main memory analytic DBMSs often store data in a compressed form [27, 10, 54, 26].
The techniques presented in this chapter apply to commonly used column compression
methods, including null suppression, prefix suppression, frame of reference, and order-
preserving dictionary encoding [27, 10, 54, 26]. Such a scheme compresses columns using
a fixed-length order-preserving scheme, and converts the native column value to a code.
In this chapter, we use the term “code” to mean an encoded column value. The data for
a column is represented using these codes, and these codes only use as many bits as are
needed for the fixed-length encoding.

In these compression methods, all value types, including numeric and string types,
are encoded as an unsigned integer code. For example, an order-preserving dictionary
can map strings to unsigned integers [54, 12]. A scale scheme can convert floating point
numbers to unsigned integers by multiplying by a certain factor [26]. These compression



9

methods maintain an order-preserving one-to-one mapping between the column values to
the codes. As a result, column scans can usually be directly evaluated on the codes.

For predicates involving arithmetic or similarity predicates (e.g. the LIKE predicates on
strings), scans cannot be performed directly on the encoded codes. These codes have to be
decoded, and then are evaluated in a conventional way.

2.1.1 Problem statement

A column-scalar scan takes as input a list of n k-bit codes and a predicate with a basic
comparison, e.g. =, 6=,<,>,6,>, BETWEEN, on a single column. Constants in the predicate
are also in the domain of the compressed codes. The column-scalar scan finds all matching
codes that satisfy the predicate, and outputs an n-bit vector, called the result bit vector, to
indicate the matching codes.

A processor word is a data block that can be processed as a unit by the processor. For
ease of explanation, we initially assume that a processor word is an Arithmetic Logic Unit
(ALU) word, i.e. a 64-bit word for modern CPUs, and in Section 2.2.4 we generalize our
method for wider words (e.g. SIMD). The instructions that process the processor word
as a unit of computation are called full-word instructions. Next, we define when a scan is a
bit-parallel method.

Definition 2.1. If w is the width of a processor word, and k is the number of bits that are needed
to encode a code in the column C, then a column-scalar scan on column C is a bit-parallel method
if it runs in O(nk

w
) full-word instructions to scan over n codes.

A bit-parallel method needs to run in O(nk
w
) instructions to make full use of the “paral-

lelism” that is offered by the bits in the entire width of a processor word. Since processingnk
bits with w-bit processor words requires at least O(nk

w
) instructions, intuitively a method

that matches the O(nk
w
) bound has the potential to run at the speed of the underlying

processor hardware.

2.1.2 Framework

The focus of this chapter is on speeding up scan queries on columnar data in main memory
data processing engines. Our framework targets the single-table predicates in the WHERE
clause of SQL. More specifically, the framework allows conjunctions, disjunctions, or
arbitrary boolean combinations of the following basic comparison operators: =, 6=,<,>,6
,>, BETWEEN.
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For the methods proposed in this chapter, we evaluate the complex predicate by first
evaluating basic comparisons on each column, using a column-scalar scan. Each column-
scalar scan produces a result bit vector, with one bit for each input column value that
indicates if the corresponding column value was selected to be in the result. Conjunctions
and disjunctions are implemented as logical AND and OR operations on these result bit
vectors. Once the column-scalar scans are complete, the result bit vector is converted to
a list of record numbers, which is then used to retrieve other columns of interest for this
query. (See Appendix A.1 for more details.) NULL values and three-valued boolean logic
can be implemented in our framework using the techniques proposed in [71], and, in the
interest of space, this discussion is omitted here.

We represent the predicates in the SQL WHERE clause as a binary predicate tree. A
leaf node encapsulates a basic comparison operation on a single column. The internal
nodes represent logical operation, e.g. AND, OR, NOT, on one or two nodes. To evaluate a
predicate consisting of arbitrary boolean combinations of basic comparisons, we traverse
the predicate tree in depth-first order, performing the column-scalar comparison on each
leaf node, and merging result bit vectors at each internal node based on the logical operator
that is represented by the internal node. In Section 2.2, we focus on single-column scans,
and we discuss complex predicates in Section 2.3.3.

Figure 2.2 illustrates the workflow of evaluating an example query (the query Q6 from
the TPC-H benchmark). The query is shown below:

SELECT sum(l_extendedprice * l_discount)
FROM lineitem
WHERE l_shipdate BETWEEN Date and Date + 1 year
and l_discount BETWEEN Discount - 0.01
and Discount + 0.01 and l_quantity < Quantity

As shown in Figure 2.2, the SQL query is converted to an execution structure. Column-
scalar scans are first performed on the columns l_shipdate, l_discount, and l_quantity,
producing result bit vectors. Then, we perform logical and operations on these result bit
vectors. At the end of this operation, the final result bit vector is converted to a list of
record IDs of matching tuples, which is then used to retrieve values from the columns
l_extendedprice and l_discount for the matching tuples. If the column values are stored
in a encoded (compressed) form, we need to decode these values before calculating the
aggregation functions.



11

l_shipdatel_discount l_quantity 

column-scalar

scan

1 1 0 1 1 1 …

column-scalar

scan

column-scalar

scan

0 1 0 0 1 1 … 0 1 1 1 0 1 …

and

and

0 1 0 0 1 1 …

0 1 0 0 0 1 …

convert to RIDs

l_extendedprice
retrieve column 

values
RIDs: 2, 6, …

aggregation

result bit vector result bit vector result bit vector

result bit vector

result bit vector

results

Figure 2.2: Workflow of evaluating the query Q6 in the TPC-H benchmark.

2.2 Bit-parallel methods

In this section, we propose two bit-parallel methods that are designed to fully utilize the
entire width of the processor words to reduce the number of instructions that are needed to
process data. These two bit-parallel methods are called Horizontal Bit-Parallel (HBP) and
Vertical Bit-Parallel (VBP) methods. Each method has a storage format and an associated
method to perform a column-scalar scan on that storage method. In Section 2.3, we describe
an early pruning technique to improve on the column-scalar scan for both HBP and VBP.
Then, in Section 2.4 we describe the BitWeaving method, which combines the bit-parallel
methods that are described below with the early pruning technique. BitWeaving comes in
two flavors: BitWeaving/H and BitWeaving/V corresponding to the underlying bit-parallel
method (i.e. HBP or VBP) that it builds on.
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2.2.1 Overview of the two bit-parallel methods

As their names indicate, the two bit-parallel methods, HBP and VBP, organize the column
codes horizontally and vertically, respectively. If we think of a code as a tuple consisting of
multiple fields (bits), HBP and VBP can be viewed as row-oriented storage and column-
oriented storage at the bit level, respectively. Figure 2.3 demonstrates the basic idea behind
HBP and VBP storage layouts.

Processor word

Code

Bit

Memory space

(a) Horizontal Bit-Parallel
Processor wordBit

M
e
m

o
ry

 s
p
a
c
e

Code

(b) Vertical Bit-Parallel

Figure 2.3: HBP and VBP layouts for a column with 4-bit codes. The shaded boxes represent
the bits for the first column value.

Both HBP and VBP only require the following full-word operations, which are common
in all modern CPU architectures (including at the SIMD register level in most architectures):
logical and (∧), logical or (∨), exclusive or (⊕), binary addition (+), negation (¬), and k-bit
left or right shift (←k or→k, respectively).

Since the primary access pattern for scan operations is the sequential access pattern,
both the CPU cost and the memory access cost are significant components that contribute
to the overall execution time for that operation. Consequently, our methods are optimized
for both the number of CPU instructions that are needed to process the data, as well as
the number of CPU cache lines that are occupied by the underlying (HBP or VBP) data
representations.

2.2.1.1 Running example

To illustrate the techniques, we use the following example throughout this section. The data
set has 10 tuples, and the column of interest contains the following codes: {1 = (001)2, 5 =

(101)2, 6 = (110)2, 1 = (001)2, 6 = (110)2, 4 = (100)2, 0 = (000)2, 7 = (111)2, 4 = (100)2, 3 =

(011)2}, denoted as c1 – c10 respectively. Each value can be encoded by 3 bits (k = 3). For
ease of illustration, we assume 8-bit processor words (i.e. w = 8).
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2.2.2 The horizontal bit-parallel (HBP) method

The HBP method compactly packs codes into processor words, and implements the func-
tionality of hardware-implemented SIMD instructions based on ordinary full-word instruc-
tions. The HBP method solves a general problem for hardware-implemented SIMD that
the natural bit width of a column often does not match any of the bank widths of the SIMD
processor, which leads to an underutilization of the available bit-level parallelism.

We first present the storage layout of HBP in Section 2.2.2.1, and then describe the
algorithm to perform a basic scan on a single column over the proposed storage layout in
Section 2.2.2.2.

2.2.2.1 Storage layout

In the HBP method, each code is stored in a (k+ 1)-bit section whose leftmost bit is used
as a delimiter between adjacent codes (k denote the number of bits needed to encode
a code). A method that does not require the extra delimiter bit is feasible, but is much
more complicated than the method with delimiter bits, and also requires executing more
instructions per code [58]. Thus, our HBP method uses this extra bit for storage.

HBP tightly packs and pads a group of (k+ 1)-bit sections into a processor word. Let
w denote the width of a processor word. Then, inside the processor word, b w

k+1c sections
are concatenated together and padded to the right with 0s up to the word boundary.

In the HBP method, the codes are organized in a storage layout that simplifies the
process of producing a result bit vector with one bit per input code (described below in
Section 2.2.2.2). The column is divided into fixed-length segments, each of which contains
(k+ 1) · b w

k+1c codes. Each code represents k+ 1 bits values, with k bits for the actual code
and the leading bit set to the delimiter value of 0. Since a processor word fits b w

k+1c codes,
a segment occupies k+ 1 contiguous processor words in memory space. Inside a segment,
the layout of the (k+ 1) · b w

k+1c codes, denoted as c1 ∼ c(k+1)·b w
k+1c, is shown below. We use

vi to denote the ith processor word in the segment.

v1 : c1 ck+2 c2k+3 · · · ck·b w
k+1c+1

v2 : c2 ck+3 c2k+4 · · · ck·b w
k+1c+2

... ... ... ... ...
vk : ck c2k+1 c3k+2 · · · c(k+1)·b w

k+1c−1

vk+1 : ck+1 c2k+2 c3k+3 · · · c(k+1)·b w
k+1c

Figure 2.4 demonstrates the storage layout for the example column. Since each code
in the example column is encoded by 3 bits (k = 3), we use 4 = 3 + 1 bits to store each
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Figure 2.4: Example of the HBP storage layout (k = 3,w = 8). Delimiter bits are marked in
gray.

code and fit two codes into a 8-bit word (w = 8). As shown in the figure, the 10 values are
divided into 2 segments. In segment 1, eight codes are packed into four 8-bit words. More
specifically, word 1 contains code 1 and 5. Word 2 contains code 2 and 6. Word 3 contains
code 3 and 7. Word 4 contains code 4 and 8. Segment 2 is only partially filled, and contains
code 9 and code 10 that are packed into word 5.

2.2.2.2 Column-scalar scans

The HBP column-scalar scan compares each code with a constantC, and outputs a bit vector
to indicate whether or not the corresponding code satisfies the comparison condition.

In HBP, b w
k+1c codes are packed into a processor word. Thus, we first introduce a

function f◦(X,C) that performs simultaneous comparisons on b w
k+1c packed codes in a

processor word. The outcome of the function is a vector of b w
k+1c results, each of which

occupies a (k + 1)-bit section. The delimiter (leftmost) bit of each section indicates the
comparison results.

Formally, a function f◦(X,C) takes as input a comparison operator ◦, a comparison
constant C, and a processor word X that contains a vector of b w

k+1c codes in the form
X = (x1, x2, · · · , xb w

k+1c), and outputs a vector Z = (z1, z2, · · · , zb w
k+1c), where zi = 10k if

xi ◦ C = true, or zi = 0k+1 if xi ◦ C = false. Note that in the notation above for zi, we use
exponentiation to denote bit repetition, e.g. 1402 = 111100, 10k = 1 00 · · · 00︸ ︷︷ ︸

k

.

Since the codes are packed into processor words, the ALU instruction set can not be
directly used to process these packed codes. In HBP, the functionality of vector processing
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is implemented using full-word instructions. Let Y denote a vector of b w
k+1c instances of

constant C, i.e. Y = (y1,y2, · · · ,yb w
k+1c), where yi = C. Then, the task is to calculate the

vector Z in parallel, where each (k+1)-bit section in this vector, zi = xi ◦ yi; here, ◦ is one of
comparison operators described as follows. Note that most of these functions are adapted
from [58].

inequality ( 6=). For the inequality, observe that xi 6= yi iff xi ⊕ yi 6= 0k+1. Thus, we
know that xi 6= yi iff (xi ⊕ yi) + 01k = 1∗k (we use ∗ to represent an arbitrary bit), which
is true iff ((xi ⊕ yi) + 01k)∧ 10k = 10k. We know that (xi ⊕ yi) + 01k is always less than
2k+1, so overflow is impossible for each (k+ 1)-bit section. As a result, these computation
can be done simultaneously on all xi and yi within a processor word. It is straightforward
to see that Z = ((X⊕ Y) + 01k01k · · · 01k)∧ 10k10k · · · 10k.

equality (=). equality operator is implemented by the complement of the inequality
operator, i.e. Z = ¬((X⊕ Y) + 01k01k · · · 01k) ∧10k10k · · · 10k.

less than (<). Since both xi and yi are integers, we know that xi < yi iff xi 6 yi − 1,
which is true iff 2k 6 yi + 2k − xi − 1. Observe that 2k − xi − 1 is just the k-bit logical
complement of xi, which can be calculated as xi ⊕ 01k. It is then easy to show that
(yi + (xi ⊕ 01k)) ∧ 10k = 10k iff xi < yi. We also know that yi + (xi ⊕ 01k) is always
less than 2k+1, so overflow is impossible for each (k + 1)-bit section. Thus, we have Z =

(Y + (X⊕ 01k01k · · · 01k))∧ 10k10k · · · 10k for the comparison operator <.

less than or equal to (6). Since xi 6 yi iff xi < yi + 1, we have Z = (Y + (X⊕ 01k) +

0k1)∧ 10k10k · · · 10k for the comparison operator 6.

Then, greater than (>) and greater than or equal to (>) can be implemented by
swapping X and Y for less than (<) and less than or equal to (6) operators, respectively.

Thus, the function f◦(X,C) computes the predicates listed above on b w
k+1c codes using

3–4 instructions.
Figure 2.5 illustrates an example when applying f<(vi, 5) on the words v1 ∼ v5 shown

in Figure 2.4. The ith column in the figure demonstrates the steps when calculating
Z = f<(vi, 5) on the word vi. The last row represents the results of the function. Each result
word contains two comparison results. The value (1000)2 indicates that the corresponding
code is less than the constant 5, whereas the value (0000)2 indicates that the corresponding
code does not satisfy the comparison condition.

Next, we present the HBP column-scalar scan algorithm based on the function f◦(X,C).
Algorithm 1 shows the pseudocode for the scan method. The basic idea behind this
algorithm is to reorganize the comparison results in an appropriate order, matching the
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Algorithm 1 HBP column-scalar scan
Input: a comparison operator ◦

a comparison constant C
Output: BVout: result bit vector

1: for each segment s in column c do
2: ms := 0
3: for i := 1 . . .k+ 1 do
4: mw := f◦(s.vi,C)
5: ms := ms∨→i−1 (mw)
6: appendms to BVout

7: return BVout;

order of the original codes. As shown in the algorithm, for each segment in the column,
we iterate over the k + 1 words. In the inner loop over the k + 1 words, we combine the
results of f◦(v1,C) ∼ f◦(vk+1,C) together to obtain the result bit vector on segment s. This
procedure is illustrated below:

f◦(v1,C) : R(c1) 0 · · · 0 0 R(ck+2) · · ·
→1 (f◦(v2,C)) : 0 R(c2) · · · 0 0 0 · · ·

... ... ... ...
→k−1 (f◦(vk,C)) : 0 0 · · · R(ck) 0 0 · · ·
→k (f◦(vk+1,C)) : 0 0 · · · 0 R(ck+1) 0 · · ·∑

∨ : R(c1) R(c2) · · · R(ck) R(ck+1) R(ck+2) · · ·

In the tabular representation above, each column represents one bit in the outcome
of f◦(vi,C). Let R(ci) denote the binary result of the comparison on ci ◦ C. Since R(ci) is
always placed in the delimiter (leftmost) bit in a (k+ 1)-bit section, the output of f◦(vi,C)
is in the form: R(ci)0kR(ck+1+i)0k · · · . By right shifting the output of f◦(vi,C), we move
the result bits R(ci) to the appropriate bit positions. The OR (∨) summation over the k+ 1
result words is then in the form of R(c1)R(c2)R(c3) · · · , representing the comparison results
on the b w

k+1c codes of segment s, in the desired result bit vector format.
For instance, to compute the result bit vector on segment 1 (v1, v2, v3, and v4) shown in

Figure 2.4 and Figure 2.5, we perform (1000 0000)2∨→1 (0000 1000)2∨→2 (0000 1000)2∨→3

(1000 0000)2 = (1001 0110)2. The result bit vector (1001 0110)2 means that c1, c4, c6, and
c7 satisfy the comparison condition.

Note that the steps above, which are carried out to produce a result bit vector with one
bit per input code, are essential when using the result bit vector in a subsequent operation
(e.g. the next step of a complex predicate evaluation in which the other attributes in the
predicate have different code widths).
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The HBP storage layout is designed to make it easy to assemble the result bit vector
with one bit per input code. Taking Figure 2.4 as an example again, imagine that we lay
out all the codes in sequence, i.e. put c1 and c2 in v1, put c3 and c4 in v2, and so forth.
Now, the result words from the predicate evaluation function f◦(vi,C) on v1, v2, · · · are
f◦(v1,C) = R(c1)000R(c2)000, f◦(v2,C) = R(c3)000R(c4)000, · · · . Then, these result words
must be converted to a bit vector of the form R(c1)R(c2)R(c3)R(c4) · · · , by extracting all the
delimiter bits R(ci) and omitting all other bits. Unfortunately, this conversion is relatively
expensive compared to the computation of the function f◦(vi,C) (See Appendix A.2 for
more details). In contrast, the storage layout used by the HBP method does not need to
execute this conversion to produce the result bit vector. In Section 2.5.2, we empirically
compare the HBP method with a method that needs this conversion.

2.2.3 The vertical bit-parallel (VBP) method

The Vertical Bit-Parallel (VBP) method is like a bit-level column store, with data being
packed at word boundaries. VBP is inspired by the bit-sliced method [71], but as described
below, is different in the way it organizes data around word boundaries.

2.2.3.1 Storage layout

In VBP, the column of codes is broken down to fixed-length segments, each of which
contains w codes (w is the width of a processor word). The w k-bit codes in a segment are
then transposed into k w-bit words, denoted as v1, v2, · · · , vk, such that the j-th bit in vi
equals to the i-th bit in the original code cj.

Inside a segment, the kwords, i.e. v1, v2, · · · , vk, are physically stored in a continuous
memory space. The layout of the kwords exactly matches the access pattern of column-
scalar scans (presented below in Section 2.2.3.2), which leads to a sequential access pattern
on these words, making it amenable for hardware prefetching.

Figure 2.6 illustrates the VBP storage layout for the running example shown in Sec-
tion 2.2.1.1. The ten codes are broken into two segments with eight and two codes, respec-
tively. The two segments are separately transposed into three 8-bit words. The word v1 in
segment 1 holds the most significant (leftmost) bits of the codes c1 ∼ c8, the word v2 holds
the middle bits of the codes c1 ∼ c8, and the word v3 holds the least significant (rightmost)
bits of the codes c1 ∼ c8. In segment 2, only the leftmost two bits of the three words are
used, and the remaining bits are filled with zeros.
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Figure 2.6: Example of the VBP storage layout. The middle bits of codes are marked in
light gray, whereas the least significant bits are marked in dark gray.

2.2.3.2 Column-scalar scans

The VBP column-scalar scan evaluates a comparison condition over all the codes in a single
column and outputs a bit vector, where each bit indicates whether or not the corresponding
code satisfies the comparison condition.

The VBP column-scalar scan follows the natural way to compare two integers in the form
of bit strings: we compare each pair of bits at the same position of the two bit strings, starting
from the most significant bits to the least significant bits. The VBP method essentially
performs this process on a vector of w codes in parallel, inside each segment.

Algorithm 2 shows the pseudocode to evaluate the comparison predicate BETWEEN C1
AND C2.

At the beginning of the algorithm (Lines 1–5), we create a list of words C11 ∼ C1k to
represent w instances of C1 in the VBP storage format. If the i-th bit of C1 is 1, C1i is set to
be all 1s, as all the i-th bits of thew instances of C1 are all 1s. Otherwise, C1i is set to be all
0s. Similarly, we create C21 ∼ C2k to represent C2 in the VBP storage format (in Line 6–10).

In the next step, we iterate over all segments of the column, and simultaneously evaluate
the range on all the w codes in each segment. The bit vector mgt is used to indicate the
codes such that they are greater than the constantC1, i.e. if the i-th bit ofmgt is on, then the
i-th code in the segment is greater than the constant C1. Likewise,mlt is used to indicate
the codes that are less than the constant C2. meq1 andmeq2 are used to indicate the codes
that are equivalent to the constant C1 and C2, respectively.
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Algorithm 2 VBP column-scalar comparison
Input: a predicate C1 < c < C2 on column c
Output: BVout: result bit vector

1: for i := 1 . . .k do
2: if i-th bit in C1 is on then
3: C1i := 1w
4: else
5: C1i := 0w
6: for i := 1 . . .k do
7: if i-th bit in C2 is on then
8: C2i := 1w
9: else

10: C2i := 0w
11: for each segment s in column c do
12: mlt,mgt := 0
13: meq1,meq2 := 1w
14: for i := 1 . . .k do
15: mgt := mgt ∨ (meq1 ∧ ¬C1i ∧ s.vi)
16: mlt := mlt ∨ (meq2 ∧ C2i ∧ ¬s.vi)
17: meq1 := meq1 ∧ ¬(s.vi ⊕ C1i)
18: meq2 := meq2 ∧ ¬(s.vi ⊕ C2i)
19: appendmgt ∧mlt to BVout

20: return BVout;

In the inner loop (Line 14–18), we compare the codes with the constants C1 and C2 from
the most significant bits to the least significant bits, and update the bit vector mgt, mlt,
meq1, andmeq2, correspondingly. The k words in the segment s are denoted as s.v1 ∼ s.vk.
At the i-th bit position, for a code with the i-th bit on, the code must be greater than the
constant C1 iff the i-th bit of C1 is off and all bits to the left of this position between the
code and C1 are all equal (meq1 ∧ ¬C1i ∧ s.vi). The corresponding bits in mgt are then
updated to be 1s (Line 15). Similarly,mlt is updated if the i-th bit of a code is 0, the i-th bit
of C2 is 1, and all the bits to the left of this position are all equal (Line 16). We also update
meq1 (meq2) for the codes that are different from the constant C1(C2) at the i-th bit position
(Line 17 & 18).

After the inner loop, we perform a logical AND between the bit vectormgt andmlt to
obtain the result bit vector on the segment (Line 19). This bit vector is then appended to
the result bit vector.

Algorithm 2 can be easily extended for other comparison conditions. For example,
we can modify Line 19 to “append mgt ∧mlt ∨meq1 ∨meq2 to BVout” to evaluate the
condition C1 6 c 6 C2. For certain comparison conditions, some steps can be eliminated.
For instance, Line 15 and 17 can be skipped for a less than (<) comparison, as we do not



21

need to evaluatemgt andmeq1.

2.2.4 SIMD-based bit-parallel methods

In this section, we describe how our methods can be extended to work with modern vector
processors that support larger SIMD word. Today 256-bit SIMD words are common, and
Intel’s latest Haswell processors now have 512 bit long SIMD words [44].

As per our definition of bit-parallel methods (Definition 2.1), bit-parallel methods
can potentially achieve linear speedup with increasing word size w. With wider SIMD
registers/word size, our bit-parallel methods can operate simultaneously on more codes.
Unlike the previous work using SIMD instructions to implement scan operations [96], bit-
parallel methods do not rely on the capability of vector processing of SIMD instructions to
achieve parallelism. Instead, we treat SIMD instructions as ordinary non-vector instructions
that are simply operating on wider words. Parallelism inside SIMD words is achieved by the
horizontal and vertical bit-parallel techniques introduced in Section 2.2.2 and Section 2.2.3.

SIMD-based VBP. The VBP method only uses logical operations over processor words,
including logical and (∧), or (∨), an exclusive or (⊕), and negation (¬). For these logical
operations, each bit is calculated independently inside a processor word. Although SIMD
logical instructions are designed to work on a vector of independent banks, e.g. 8 bits, 16
bits, 32 bits, or 64 bits, inside a SIMD word, the results of logical operations works even
when the codes cross the boundaries of SIMD banks. As a result, it is straightforward to
implement VBP using SIMD instructions.

SIMD-based HBP. The HBP method relies on arithmetic and shift operations in addi-
tion to logical operations. Arithmetic and shift operations on a vector of independent banks
inside a SIMD word are not equivalent to that across the whole SIMD word. For instance,
the sum of two 256-bit unsigned integers is different from the concatenation of four sums
of two 64-bit unsigned integers, because carry overs don’t propagate across the boundary
of SIMD banks. As a result, in the storage layout of SIMD-based HBP, the codes are padded
to the largest bank unit supported by the SIMD instruction set. Figure 2.7 demonstrates an
example layout that pads twelve 18-bit codes to four 64-bit banks inside a 256-bit SIMD
word. It is known that this solution underutilizes the full-width of a SIMD word, e.g. a
256-bit SIMD word should contain fourteen, rather than twelve, 18-bit codes. If the future
SIMD instruction set supports the new instructions across the whole SIMD word, more
codes can be made to fit into a SIMD word, leading to speedups for the SIMD-based HBP.



22

64-bit bank 64-bit bank 64-bit bank 64-bit bank

256-bit SIMD word
18-bit code

Figure 2.7: Storage layout of SIMD-based HBP.

2.3 Early pruning

The early pruning technique aims to avoid accesses on unnecessary data at the bit level.
This technique is orthogonal to the two bit-parallel methods described in Section 2.2, and
hence can be applied to both the HBP and the VBP methods. However, as the early pruning
technique is more naturally described within the context of VBP, we first describe this
technique as applied to VBP. Then, in Section 2.4.2 we discuss how to apply this technique
to HBP.

2.3.1 Basic idea behind early pruning

It is often not necessary to access all the bits of a code to compute the final result. For
instance, to compare the code (11010101)2 to a constant (11001010)2, we compare the pair
of bits at the same position, starting from the most significant bit to the least significant bit,
until we find two bits that are different. At the 4th position (underlined above), the two
bits are different, and thus we know that the code is greater than the constant. We can now
ignore the remaining bits.

Constant VBP words mlt

1st bit 0 01101101 00000000
2nd bit 1 00101001 10010010
3rd bit 1 11010001 -

Figure 2.8: Evaluating a predicate c < 3 with the early pruning technique.

It is easy to apply the early pruning technique on VBP, which performs comparisons
on a vector of w codes in parallel. Figure 2.8 illustrates the process of evaluating the eight
codes in segment 1 of the example column c with a comparison condition c < 3. The
constant 3 is represented in the binary form (011)2 as shown in the second column in the
figure. The first eight codes (1 = (001)2, 5 = (101)2, 6 = (110)2, 1 = (001)2, 6 = (110)2,
4 = (100)2, 0 = (000)2, 7 = (111)2) of column c are stored in three 8-bit VBP words, as
shown in the third column in the figure.
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By comparing the first bit of the constant (0) with the first bits of the eight codes
(01101101), we notice that no code is guaranteed to be less than the constant at this point.
Thus, the bit vectormlt is all 0s to reflect this situation. Next, we expand the comparison to
the second bit between the constant and the codes. Now, we know that the 1st, 4th, and 7th
codes are smaller than the constant because their first two bits are less than the first two
bits of the constant (01). We also know that the 2nd, 3rd, 5th, 6th, and 8th codes are greater
than the constant, as their first two bits are greater than the first two bits of the constant
(01). At this point, all the codes have a definite answer w.r.t. this predicate, and we can
terminate the VBP column-scalar scan on this segment. The bit vectormlt is updated to be
10010010, and it is also the final result bit vector.

2.3.2 Estimating the early pruning probability

We first introduce the fill factor f of a segment, defined as the number of codes that are
present over the maximum number of codes in the segment, i.e. the width of processor
word w. For instance, the fill factor of the segment 1 in Figure 2.6 is 8/8 = 100%, whereas
the fill factor of the segment 2 is 2/8 = 25%. According to this definition, a segment contains
wf codes.

The early pruning probability P(b) is defined as the probability that the wf codes in
a segment are all different from the constant in the most significant b bits, i.e. it is the
probability that we can terminate the computation at the bit position b.

We analyze the early pruning probability P(b) on a segment containing wf k-bit codes.
We assume that a code and the constant have the same value at a certain bit position with
a probability of 1/2. Thus, the probability that all of the leading b bits between a code
and the constant are identical is given by ( 1

2)
b. Since a segment contains wf codes, the

probability that these codes are all different from the constant in the leading b bits, i.e. the
early pruning probability P(b), is:

P(b) = (1 − (
1
2
)b)w·f

Figure 2.9 plots the early pruning probability P(b) with a 64-bit processor word (w = 64)
by varying the bit position b. We first look at the curve with a 100% fill factor. The early
pruning probability increases as the bit position number increases. At the bit position 12,
the early pruning probability is already very close to 100%, which indicates that in many
cases we can terminate the scan after looking at the first 12 bits. If a code is a 32-bit integer,
VBP with early pruning potentially only uses 12/32 of the memory bandwidth and the
processing time that is needed by the base VBP method (without early pruning).
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Figure 2.9: Early Pruning Probability P(b).

In Figure 2.9, at the lower fill factors, segments are often “cut-off” early. For example,
for segments with fill factor 10%, we can prune the computation at bit position 8 in most
(i.e. 97.5%) cases. This cut-off mechanism allows for efficient evaluation of conjunction/dis-
junction predicates in BitWeaving, as we will see next in Section 2.3.3.

2.3.3 Filter bit vectors on complex predicates

The early pruning technique can also be used when evaluating predicate clauses on multiple
columns. Predicate evaluation on a single column can be pruned as outlined above in
Section 2.3.1. But, early pruning can also be used when evaluating a series of predicate
clauses with the result vector from the first clause being used to “initialize” the pruning
bit vector for the second clause.

The result bit vector that is produced from a previous step is called the filter bit vector
of the current column-scalar scan. This filter bit vector is used to filter out the tuples that
do not match the predicate clauses that were examined in the previous steps, leading to
a lower fill factor on the current column. Thus, the filter bit vector further reduces the
computation on the current column-scalar scan (note that at the lower fill factors, predicate
evaluation are often “cut-off” early, as shown in Figure 2.9).

As an example, consider the complex predicate: R.a < 10 AND R.b > 5 AND R.c < 20
OR R.d = 3. Figure 2.10 illustrates the predicate tree for this expression. First, we evaluate
the predicate clause on column R.a, using early pruning. This evaluation produces a result
bit vector. Next, we start evaluating the predicate clause on the column R.b, using early
pruning. However, in this step we use the result bit vector produced from the previous
step to seed the early pruning. Thus, tuples that did not match the predicate clause
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R.a < 10 R.b > 5 R.c < 20 R.d = 3

AND

AND

OR

Figure 2.10: An example predicate tree for the expression R.a < 10 AND R.b > 5 AND R.c
< 20 OR R.d = 3.

R.a < 10 become candidates for early pruning when evaluating the predicate clause on
R.b, regardless of the value of their b column. As a result, the predicate evaluation on
column b is often “cut-off” even earlier. Similarly, the result bit vector produced at the end
of evaluating the AND node (the white AND node in the figure) is fed into the scan on
column R.c. Finally, since the root node is an OR node, the complement of the result bit
vector on the AND node (the gray one) is fed into the final scan on column R.d.

2.4 BitWeaving

In this section, we combine the techniques proposed above, and extend them, into the
overall method called BitWeaving. BitWeaving comes in two flavors: BitWeaving/H and
BitWeaving/V corresponding to the underlying bit-parallel storage format (i.e. HBP or
VBP described in Section 2.2) that it builds on. As described below, BitWeaving/V also
employs an adapted form of the early pruning technique described in Section 2.3.

We note that the BitWeaving methods can be used as a base storage organization format
in column-oriented data stores, and/or as indices to speedup the scans over some attributes.
For ease of presentation, below we assume that BitWeaving is used as a storage format. It
is straightforward to employ the BitWeaving method as indices.

2.4.1 BitWeaving/V

BitWeaving/V is a method that applies the early pruning technique on VBP. BitWeaving/V
has three key features: 1) The early pruning technique skips over pruned column data,
thereby reducing the total number of bits that are accessed in a column-scalar scan operation;
2) The storage format is not a pure VBP format, but a weaving of the VBP format with
horizontal packing into bit groups to further exploit the benefits of early pruning, by making
access to the underlying bits more sequential (and hence more amenable for hardware
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prefetching); 3) It can be implemented with SIMD instructions allowing it to make full use
of the entire width of the (wider) SIMD words in modern processors.

2.4.1.1 Storage layout

In this section, we describe how the VBP storage layout is adapted in BitWeaving/V to
further exploit the benefits of the early pruning technique. In addition to the core VBP
technique of vertical partitioning the codes at the bit level, in BitWeaving/V the codes are
also partitioned in a horizontal fashion to provide better CPU cache performance when
using the early pruning technique. This combination of vertical and horizontal partitioning
is the reason why the proposed solution is called BitWeaving.

Segment 1

…

Processor
word

Cut-off

Bit Segment 2

Cut-off

Memory space

…

(a) VBP

Segment 1

…

Processor
word

Cut-off

Bit

Bit group 1

Bit group 2

Bit group 3

Segment 2

Cut-off

Memory space

…

…

…

(b) BitWeaving/V

Figure 2.11: Early pruning on VBP and BitWeaving/V.

The VBP storage format potentially wastes memory bandwidth if we apply the early
pruning technique on the base VBP storage format. (See Section 2.2.3 for details.) Fig-
ure 2.11a illustrates a scan on a column stored in the VBP format. Suppose that with the
early pruning technique (described in Section 2.3.1), the outcome of comparisons on all
the codes in a segment is determined after accessing the first three words. Thus, the 4th
to the 9th words in segment 1 can be skipped, and the processing can move to the next
segment (as shown by the dashed arrow). Suppose that a CPU cache line contains 8 words.
Thus, the six words that are skipped occupy the same CPU cache line as the first three
words. Skipping over the content that has already been loaded into the CPU cache results
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in wasted memory bandwidth, which is often a critical resource in main memory data
processing environments.

We solve this problem by dividing the k words in a segment into fixed sized bit groups.
Let B denote the size of each bit group. The words in the same bit group are physically
stored in continuous space. Figure 2.11b illustrates how the storage layout with the bit
grouping reduces the amount of data that is loaded into the CPU cache. As shown in this
figure, the nine words in each segment are divided into three bit groups, each containing
three words per segment. Suppose that with the early pruning technique, the outcome
of the comparisons on all the codes in a segment is determined after accessing the first
three words. In this case, we only need to access the first three words of each segment,
which are all laid out continuously and compactly in the first bit group. Consequently, the
bit grouping technique uses memory bandwidth more judiciously, and results in a more
sequential access pattern.

In the example above, if the early pruning triggers at two bits (instead of three bits), then
we still save on memory accesses over a method that does not use bit groups. However, we
will likely waste memory bandwidth bringing in data for the third bit. Picking an optimal
bit group size is an interesting direction for future work. In Section 2.5.5, we empirically
demonstrate the impact of the bit group size.

2.4.1.2 Column-scalar scans

We apply the early pruning technique on the VBP column-scalar scan, in two ways. First,
when evaluating a comparison condition on a vector of codes, we skip over the least
significant bits as soon as the outcome of the scan is fully determined. Second, a filter
bit vector is fed into the scan to further speedup comparisons. This bit vector is used to
filter unmatched tuples even before the scan starts. This technique reduces the number
of available codes in each segment, and thus speedups the scan (recall that early pruning
technique often runs faster on segments with a lower fill factor as shown in Section 2.3.2).

The pseudocode for a VBP column-scalar scan with early pruning technique is shown in
Algorithm 3. The algorithm is based on the VBP column-scalar scan shown in Algorithm 2.
The modified lines are marked with C and � at the end of lines.

The first modification over the VBP scan method is to skip over the least significant bits
once the outcome of the scan is fully determined (marked with� at the end of lines). In the
BitWeaving/V storage layout, k words representing a segment are divided into fixed-size
bit groups. Each bit group contains Bwords in the segment. Predicate evaluation is also
broken into a group of small loops to adapt to the design of bit groups. Before working
on each bit group, we check the values of the bit masksmeq1 andmeq2. If both bit masks
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Algorithm 3 BitWeaving/V column-scalar scan
Input: a predicate C1 < c < C2 on column c

BVin: filter bit vector
Output: BVout: result bit vector

1: initialize C1 and C2 (same as Lines 1-10 in Algorithm 2)
2: for each segment s in column c do
3: mlt,mgt := 0
4: meq1,meq2 := BVin.s C
5: for g := 1 . . . bkBc do �
6: if meq1 == 0 andmeq2 == 0 then �
7: break �
8: for i := gB+ 1 . . . min(gB+ B,k) do �
9: mgt := mgt ∨ (meq1 ∧ ¬C1i ∧ s.wi)

10: mlt := mlt ∨ (meq2 ∧ C2i ∧ ¬s.wi)
11: meq1 := meq1 ∧ ¬(s.wi ⊕ C1i)
12: meq2 := meq2 ∧ ¬(s.wi ⊕ C2i)
13: appendmgt ∧mlt to BVout

14: return BVout;

are all 0s, then the leading bits between the codes and the constant are all different. Thus,
the outcome of the scan on the segment is fully determined. As a result, we terminate the
evaluation on this segment, and move to the next one.

We check the cut-off condition (in Line 6) in one of every B iterations of processing the
k words of a segment. The purpose of this design is to reduce the cost of checking the
condition as well as the cost of CPU branch mispredictions that this step triggers. If the
cut-off probability at a bit position is neither close to 0% nor 100%, it is difficult for the CPU
to predict the branch. Such branch misprediction can significantly slows down the overall
execution. With the early pruning technique, checking the cut-off condition in one of every
B iterations reduces the number of checks at the positions where the cut-off probability is
in the middle range. We have observed that without this attention to branch prediction in
the algorithm, the scans generally run slower by up to 40%.

The second modification is to feed a filter bit vector into the column-scalar comparisons.
In a filter bit vector, the bits associated with the filtered codes are turned off. Filter bit
vectors are typically the result bit vectors on other predicates in a complex WHERE clause
(see Section 2.3.3 for more details).

To implement this feature, the bit masks meq1 and meq2 are initialized to the corre-
sponding segment in the filter bit vector (marked with C at the end of the line). Dur-
ing the evaluation on a segment, the bit masks meq1 and meq2 are updated by meq1 :=

meq1 ∧ ¬(s.wi ⊕ C1i) andmeq2 := meq2 ∧ ¬(s.wi ⊕ C2i), respectively. Thus, the filtered
codes remain 0s in meq1 and meq2 during the evaluation. Once the bits associated with
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the unfiltered codes are all updated to 0s, we terminate the comparisons on this segment
following the early pruning technique. The filter bit vector potentially speedups the cut-off
process.

2.4.2 BitWeaving/H

It is also feasible to apply early pruning technique on data stored in the HBP format. The
key difference is that we store each bit group in the HBP storage layout (described in
Section 2.2.2). For a column-scalar scan, we evaluate the comparison condition on bit
groups starting from the one containing the most significant bits. In addition to the result
bit vector on the input comparison condition, we also need to compute a bit vector for the
inequality condition in order to detect if the outcome of the scan is fully determined. Once
the outcome is fully determined, we skip the remaining bit groups (using early pruning).

However, the effect of early pruning technique on HBP is offset by the high overhead of
computing the additional bit vector, and has an overall negative impact on performance
(see Section 2.5.3). Therefore, the BitWeaving/H method is simply the HBP method.

2.4.3 Comparison between BitWeaving/H and BitWeaving/V

In this section, we compare the two BitWeaving methods, in terms of performance, appli-
cability, as well as ease of implementation. The summary of this comparison is shown in
Table 2.1.

BitWeaving/H BitWeaving/V
Scan Complexity O(bn(k+1)

w
c) O(nk

w
)

SIMD Implementation Limited Good
Early Pruning No Yes
Lookup Performance Good Poor

Table 2.1: Comparing BitWeaving/H and BitWeaving/V.

Scan Complexity. BitWeaving/H uses k+ 1 bits of processor word to store a k-bit code,
while BitWeaving/V requires only k bits. As both methods simultaneously process multiple
codes, the CPU cost of BitWeaving/H and BitWeaving/V are O(bn(k+1)

w
c) and O(nk

w
),

respectively; i.e., both are bit-parallel methods as per Definition 2.1. Both BitWeaving
methods are generally competitive to other methods. However, in the extreme cases,
BitWeaving/V could be close to 2X faster than BitWeaving/H due to the overhead of the
delimiter bits (in BitWeaving/H). For instance, BitWeaving/H fits only one 32-bit code
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(with an addition delimiter bit) in a 64-bit process word, whereas BitWeaving/V fits two
codes.

SIMD Implementation. The implementation of BitWeaving/H method relies on arith-
metic and shift operations, which is generally not supported on an entire SIMD word today.
Thus, BitWeaving/H has to pad codes to the width of banks in the SIMD registers, rather
than the SIMD word width. This leads to underutilization of the full width of the SIMD
registers. In contrast, BitWeaving/V method achieves the full parallelism that is offered by
SIMD instructions.

Early Pruning. Applying early pruning technique on HBP requires extra processing
that hurts the performance of HBP. As a result, BitWeaving/H does not employ the early
pruning technique. In contrast, in BitWeaving/V, the early pruning technique works
naturally with the underlying VBP-like format with no extra cost, and usually improves
the scan performance.

Lookup Performance. With the BitWeaving/H layout, it is easy to fetch a code as all
the bits of the code are stored contiguously. In contrast, for BitWeaving/V, all the bits
of a code are spread across various bit groups, distributed over different words. Conse-
quently, looking up a code potentially incurs many CPU cache misses, and can thus hurts
performance.

To summarize, in general, both BitWeaving/H and BitWeaving/V are competitive meth-
ods. BitWeaving/V outperforms BitWeaving/H for scan performance whereas BitWeav-
ing/H achieves better lookup performance. Empirical evaluation comparing these two
methods is presented in the next section.

2.5 Evaluation

2.5.1 Experimental setups

We ran our experiments on a machine with dual 2.67GHz Intel Xeon 6-core CPUs, and
24GB of DDR3 main memory. Each processor has 12MB of L3 cache shared by all the cores
on that processor. The processors support a 64-bit ALU instruction set as well as a 128-bit
Intel SIMD instruction set. The operating system is Linux 2.6.9.

In the evaluation below, we compare BitWeaving to the SIMD-scan method proposed
in [96], the Bit-sliced method [71], and a method based on Blink [47]. Collectively, these
three methods represent the current state-of-the-art main memory scan methods.

To serve as a yardstick, we also include comparison with a naive method that simply
extracts, loads, and then evaluates each code with the comparison condition in series,
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without exploiting any word-level parallelism. In the graphs below the tag Naive refers to
this simple scan method.

Below, the tag SIMD-scan refers to the technique in [96] that uses SIMD instructions to
align multiple tightly packed codes to SIMD banks in parallel, and then simultaneously
processes multiple codes using SIMD instructions.

Below, the tag Bit-sliced refers to the traditional bit-sliced method proposed in [71]. This
method was originally proposed to index tables with low number of distinct values; it
shares similarities to the VBP method, but does not explore the storage layout and early
pruning technique. Surprisingly, previous recent work on main memory scans have largely
ignored the bit-sliced method.

In the graphs below, we use the tag BL (Blink-Like) to represent the method that adapts
the Blink method [47] for column stores (since we focus on column stores for this evaluation).
Thus, the tag BL refers to tightly (horizontally) packed columns with a simple linear layout,
and without the extra bit that is used by HBP (see Section 2.2.2). The BL method differs
from the BitWeaving/H method as it does not have the extra bit, and it lays out the codes
in order (w.r.t. the discussion in the last paragraph in Section 2.2.2, the layout of the codes
in BL is c1 and c2 in v1, c3 and c4 in v2, and so on in Figure 2.4).

Below, the tags BitWeaving/H (or BW/H) and BitWeaving/V (or BW/V) refer to the
methods proposed in this chapter. The size of the bit group is 4 for all experiments. The
effect of the other bit group sizes on scan performance is shown in Section 2.5.5.

We implemented each method in C++, and compiled the code using g++ 3.4.6 with
optimization flags (O3).

In all the results below, we ran experiments using a single process with a single thread.
We have also experimented using multiple threads working on independent data partitions.
Since the results are similar to that of a single thread (all the methods parallelize well
assuming that each thread works on a separate partition), in the interest of space, we omit
these results.

In the experiment below, we created a table R with a single column and one billion
uniformly distributed integer values in this column. The domain of the values are [0, 2d),
where d is the width of the column that is varied in the experiments. The query (Q1),
shown below, is used to evaluate a column-scalar scan with a simple less than predicate.
The performance on other predicates is similar to that on the less than predicate. (See
Section 2.5.4 for more details.) The constants in the WHERE clause are used to control the
selectivity. By default, the selectivity on each predicate is set to 10%, i.e. 10% of the input
tuples match the predicate. Note, we also evaluate the impact of different selectivity, but
by default use a value of 10%.
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Q1: SELECT COUNT(*) FROM R WHERE R.a < C1

2.5.2 BitWeaving v/s the other methods

In the evaluation below, we first compare BitWeaving to the Naive, the SIMD-scan [96], the
Bit-sliced [71], and the BL methods. Figure 2.12a, Figure 2.12b, and Figure 2.12c illustrate
the number of cycles, cache misses, and CPU instructions for the six methods for Q1
respectively, when varying the width of the column code from 1 bit to 32 bits. The total
number of cycles for the query is measured by using the RDTSC instruction. We divide
this total number of cycles by the number of codes to compute the cycles per code, which
is shown in Figure 2.12a.

As can be observed in Figure 2.12a, not surprisingly, the Naive method is the slowest.
The Naive method shifts and applies a mask to extract and align each packed code to the
processor word. Since each code is much smaller than a processor word (64-bit), it burns
many more instructions than the other methods (see Figure 2.12c) on every word of data
that is fetched from the underlying memory subsystem (with L1/L2/L3 caches buffering
data fetched from main memory). Even when most of the data is served from the L1 cache,
its CPU cost dominates the overall query execution time.

The SIMD-scan achieves 50%–75% performance improvement over the Naive method
(see Figure 2.12a), but it is still worse compared to the other methods. Even though a SIMD
instruction can process four 32-bit banks in parallel, the number of instructions drops by
only 2.2-2.6X (over the Naive method), because it imposes extra instructions to align packed
codes into the four banks before any computation can be run on that data. Furthermore,
we observe that with SIMD instructions, the CPI (Cycles Per Instructions) increases from
0.37 to 0.56 (see Figure 2.12c), which means that a single SIMD instructions takes more
cycles to executed than a ordinary ALU instruction. This effect further dampens the benefit
of this SIMD implementation.

As can be seen in Figure 2.12a, the Bit-sliced and the BL methods shows a near linear
increase in run time as the code width increases. Surprisingly, both these methods are
almost uniformly faster than the SIMD-scan method. However, the storage layout of the
Bit-sliced method occupies many CPU cache lines for wider codes. As a result, as can be
seen in Figure 2.12b, the number of L3 cache misses quickly increases and hinders overall
performance.

In this experiment, the BitWeaving methods outperform all the other methods across all the
code widths (see Figure 2.12a). Unlike the Naive and the SIMD-scan methods, they do not
need to move data to appropriate positions before the predicate evaluation computation.
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Figure 2.12: Performance on query Q1.
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In addition, as shown in Figure 2.12b and 2.12c, the BitWeaving methods are optimized for
both cache misses and instructions due to their storage layouts and scan algorithms. Finally,
with the early pruning technique, the execution time of BitWeaving/V (see Figure 2.12a)
does not increase for codes that are wider than 12 bits. As can be seen in Figure 2.12a, for
codes wider than 12 bits, both BitWeaving methods are often more than 3X faster than the
SIMD-scan, the Bit-sliced and the BL methods.

2.5.3 Individual BitWeaving components

In this experiment, we compare the effect of the various techniques (VBP v/s HBP, early
pruning, and SIMD optimizations) that have been proposed in this chapter. Figure 2.13a and
2.13b plot the performance of these techniques for VBP and HBP for query Q1, respectively.

First, we compare the scan performance of the HBP and the VBP methods for query Q1.
From the results shown in Figure 2.13a and 2.13b, we observe that at certain points, VBP is
up to 2X faster than HBP. For example, VBP is 2X faster than HBP for 32-bit codes, because
HBP has to pad 32-bit code to a entire 64-bit word to fit both the code and the delimiter
bit. In spite of this, HBP and VBP generally show a similar performance trend as the code
width increases. This empirical results matches our analysis that both methods satisfy the
cost-bound for bit-parallel methods.

Next, we examine the effects of the early pruning technique on both the VBP and the
HBP methods. As can be seen in Figure 2.13a, for wider codes, the early pruning technique
quickly reduces the query execution time for VBP, and beyond 12 bits, the query execution
time with early pruning is nearly constant. Essentially, as described in Section 2.3.2, for
wider codes early pruning has a high chance of terminating after examining the first few
bits.

In contrast, as can be seen in Figure 2.13b, the effect of the early pruning technique on
the HBP method is offset by the high overhead of computing the additional masks (see
Section 2.4.2). Consequently, the HBP method (which is the same as BitWeaving/H, as
discussed in Section 2.4.2) is uniformly faster than “HBP + Pruning”.

Applying SIMD parallelism achieves marginal speedups for both the HBP and the VBP
methods (see Figures 2.13a and 2.13b). Ideally, the implementation with a 128-bit SIMD
word should be 2X faster than that with 64-bit ALU word. However, by measuring the
number of instructions, we observed that the SIMD implementation reduces the number
of instructions by 40%, but also increase the CPI by 1.5X. Consequently, the net effect is
that the SIMD implementation is only 20% and 10% faster than the ALU implementation,
for VBP and HBP respectively.
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Figure 2.13: Performance comparison between the HBP and the VBP related methods on
query Q1.
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Next, we evaluate the performance of a lookup operation. A lookup operation is
important to produce the attributes in the projection list after the predicates in the WHERE
clause have been applied. In this experiment, we randomly pick 10 million positions in the
column, and measure the average number of cycles that are needed to fetch (and assemble)
a code at each position. The results for this experiment are shown in Figure 2.13c.

As can be seen in Figure 2.13c, amongst the four methods, the lookup performance
of the HBP method is the best, and its performance is stable across the code widths. The
reason for this behavior is because all the bits of a code in the HBP method are located
together. For the VBP method, all the bits of a code are stored in continuous space, and
thus it is relatively fast to access all the bits and assemble the code. For the methods with
the early pruning technique, the bits of a code are distributed into various bit groups.
Assembling a code requires access to data across multiple bit groups at different locations,
which incurs many CPU cache misses, and thus significantly hurts the lookup performance.

2.5.4 Varying Predicate Types

We reran the experiments in Section 2.5.2 with different predicates in the WHERE clause
of Q1, including greater than, equality, inequality, and bewteen. Figure 2.14 illustrates
the number of cycles for the six methods for Q1 with various predicates, when varying the
width of the column code from 1 bit to 32 bits.

As can be seen in Figure 2.14a, Figure 2.14b, and Figure 2.14c, the performance of the
six methods with the Greater Than, Equality, and Inequality predicates are nearly identical
to those with Less Than predicate shown in Section 2.5.2.

For the between predicate (Figure 2.14d), most methods slow down by 50% to 100% over
other predicates (i.e. less than, greater than, equality, and inequality) because they need
to simultaneously compare the column values to both the upper and the lower bounds in
the predicate. However, BitWeaving/H is only 20% slower when evaluating the between
predicate compared to the other (simpler) predicates. Compared with BitWeaving/V,
BitWeaving/H with the between predicate is even slightly faster than BitWeaving/V when
the width of code is less than 20 bits, and is only 15% slower than BitWeaving/V when
the code is wider than 20 bits. Thus BitWeaving/H is more competitive with the between
predicate.

2.5.5 Effect of the bit group size

In the next experiment, we examine the effects of bit group size on scan performance.
Figure 2.15 shows the scan performance of BitWeaving/V and BitWeaving/H for Q1, when
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Figure 2.14: Performance on query Q1 with Various Predicates.

varying the bit group size from 1 to 32. Note that when the bit group size is 32, the
BitWeaving/V (HBP+Prune) is identical to VBP (BitWeaving/H) as all the bits fit into the
same bit group. In addition, when the bit group size is 1, BitWeaving/V is identical to the
Bit-sliced method, with early pruning technique, because each bit is stored in a separate
space.

We observe that the scan performance first increases and then decreases as the size
of the bit group is increased. Both HBP+Prune and BitWeaving/V achieve the best scan
performance when the size of bit group is 4. In some sense, BitWeaving/V is the hybrid
solution between VBP and the Bit-sliced method (with early pruning technique), and
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achieves better performance than the other two methods.

2.5.6 TPC-H Evaluation

In this experiment, we use a scan query from the TPC-H benchmark [89] (The results for
other queries in the TPC-H benchmark can be found in Chapter 4). This experiment was run
against a TPC-H dataset at scale factor 10. The total size of the database is approximately
10GB. We compare the performance of the various methods on the query Q6. This query is
shown below:

SELECT sum(l_extendedprice * l_discount)
FROM lineitem
WHERE l_shipdate BETWEEN Date and Date + 1 year
and l_discount BETWEEN Discount - 0.01
and Discount + 0.01 and l_quantity < Quantity

As per the TPC-H specifications for the domain size for each of the columns/attributes
in this query, the column l_shipdate, l_discount, l_quantity, l_extendedprice are
encoded with 12 bits, 4 bits, 6 bits, and 24 bits, respectively. The selectivity of this query is
approximately 2%.

Figure 2.16 shows the time breakdown for the scan and the aggregation operations
for the BitWeaving and the other methods. Not surprisingly, the Naive method is the
slowest. The SIMD-scan method only achieves about 20% performance improvement over
the Naive method, mainly because the SIMD-scan method performs relatively poorly when
evaluating the between predicates (see Section 2.5.4). Evaluating a between predicate is
complicated/expensive with the SIMD-scan method since the results of the SIMD compu-
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Figure 2.16: Execution time breakdown with the TPC-H benchmark (BW=BitWeaving).

tations are always stored in the original input registers. Consequently, we have to make two
copies for each attribute value, and compare each copy with the lower and upper bound
constants in the between predicate, respectively.

The BL method runs at a much higher speed compared to the Naive and the SIMD
methods. However, compared to BitWeaving/H, the BL method uses more instructions
to implement its functionality of parallel processing on packed data and the conversion
process to produce the result bit vector, which hinders its scan performance.

Note that both the BitWeaving methods (BW/H and BW/V) outperform all existing
methods. As the column l_extendedprice is fairly wide (24 bits), BitWeaving/V spends
more cycles extracting the matching values from the aggregation columns. As a result, for
this particular query, BitWeaving/H is faster than BitWeaving/V.

We also evaluated the effects of using the BitWeaving methods as indices. In this method,
the entire WHERE clause is evaluated using the corresponding BitWeaving methods on
the columns of interest for this WHERE clause. Then, using the method described in
Appendix A.1, the columns involved in the aggregation (in the SELECT clause of the query)
are fetched from the associated column store(s) for these attributes. These column stores
use a Naive storage organization.

In Figure 2.16, these BitWeaving index-based methods are denoted as BW/H-idx and
BW/V-idx. As can be seen in Figure 2.16, BW/H-idx and BW/H have similar performance.
The key difference between these methods is whether the aggregation columns are accessed
from either the BW/H format or from the Naive column store. However, since using BW/H
always results in accessing one cache line per lookup, its performance is similar to the
lookup with the Naive column store organization (i.e the BW/H-idx case). On the other
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hand, the BW/V-idx method is about 30% faster than the BW/V method. The reason
for this behavior is that the vertical bit layout in BW/V results in looking up data across
multiple cache lines for each aggregate column value, whereas the BW/V-idx method
fetches these attribute values from the Naive column store, which requires accessing only
one cache line for each aggregate column value.

We note that there are interesting issues here in terms of how to pick between BitWeav-
ing/H vs. BitWeaving/V, and whether to use the BitWeaving methods as an index of
for base storage. Building an accurate cost model that can guide these choices based on
workload characteristics is an interesting direction for future work.

2.6 Related work

The techniques present in this chapter are applicable to main-memory analytics DBMSs. In
such DBMSs, data is often stored in compressed form. SAP HANA [27], IBM Blink [10, 80],
and HYRISE [54] use sorted dictionaries to encode values. Dynamic order-preserving
dictionary was proposed to encode strings [12]. Other light-weight compression schemes
can also be used for main-memory column-wise databases, such as [26, 2, 107].

SIMD instructions can be used to speed up database operations [104], and the SIMD-
scan [96] method is the state-of-the-art scan method that uses SIMD. In this chapter we
compare BitWeaving with this scan method. We note that BitWeaving can also be used in
processing environments that do not support SIMD instructions.

The BitWeaving/V methods shares similarity to the bit-sliced index [71], but the storage
layout of a bit-sliced index is not optimized for memory access, as well as our proposed early
pruning technique. A follow-up work presented the algorithms that perform arithmetic on
bit-sliced indices [81]. Some techniques described in that chapter are also applicable to our
BitWeaving/V method.

The BitWeaving/H method relies on the capability to process packed data in parallel.
This technique was first proposed by Lamport [58]. Recently, a similar technique [47] was
used to evaluate complex predicates in IBM’s Blink System [10].

Since the original BitWeaving paper [64] was published, there has been increasing
interests in the BitWeaving technique. Feng and Lo applied the idea of intra-cycle paral-
lelism to aggregation operations [28]. The ByteSlice storage layout [29], a variant of the
BitWeaving/V method, was proposed to optimize two common access patterns in column-
oriented database systems. Polychroniou and Ross used SIMD instructions to speed up the
packing and unpacking operations for both horizontal and vertical bit packing methods
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[76]. The BitWeaving method is also extended and evaluated in other emerging computer
architectures, e.g. tightly-integrated GPUs and 3D die-stacking [77, 78].

2.7 Concluding remarks

With the increasing demand for main memory analytics data processing, there is an critical
need for fast scan primitives. This chapter proposes a method called BitWeaving that
addresses this need by exploiting the parallelism available at the bit level in modern pro-
cessors. The two flavors of BitWeaving are optimized for two common access patterns, and
both methods match the complexity bound for bit-parallel scans. Our experimental studies
show that the BitWeaving techniques are faster than the state-of-the-art scan methods, and
in some cases by over an order of magnitude.
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Chapter 3

A padded encoding scheme to accelerate
scans by leveraging skew

There has been a recent flurry of interest in efficient scan methods for main memory
analytic data processing systems (e.g. the BitWeaving technique presented in Chapter 2,
and [104, 80, 47, 96, 95, 29]). The key motivation for this interest is the frequent use of
scans in these systems. There is also a recent trend towards building scan-based data
processing engines, (e.g. [5, 80, 65, 69, 92, 33]). Such systems leverage the simplicity of
scan operations to improve the effectiveness and predictability of the system, both in terms
of query performance and scalability, when running in a distributed environment or on
many-core machines.

To achieve maximum efficiency for the scan operation, data is often stored in com-
pressed form using dictionary encoding or other fixed-length encoding schemes, e.g. null
suppression and prefix suppression. Such schemes compress columns (attributes) and
convert the native column (attribute) value to a code. The data for a column is represented
using these codes, and these codes only use as many bits as are needed for the fixed-length
encoding. The small code size presents opportunities to optimize the scan by performing
predicate evaluation on multiple codes in parallel. However, existing encoding schemes do
not exploit skew in the data distribution.

In this chapter, we propose an encoding scheme called padded encoding to leverage skew
to enhance scan performance. Similar to the well-known Huffman encoding [40], padded
encoding assigns smaller code lengths to frequent values. However, in contrast to the
Huffman encoding, padded encoding preserves the order of codes to match the order
of the native column domain values, thereby allowing for predicate evaluation on the
(compressed) codes directly for higher performance. Our encoding method pads these
variable-length codes to a fixed-length code block, producing a fixed-length encoding
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scheme. Such fixed-length encoding are desirable, as they make storage management and
query processing easier.

Scans on columns stored using our padded encoding scheme can safely prune the com-
putation early without examining all the bits in each code when the code is stored in a
vertical bit-packed representation. Such representations – e.g. [64, 71, 81, 29] – store each
bit position in a column separately (think of these as column-stores but at the bit level).
Safe early pruning in such methods reduces the memory bandwidth and CPU cycles that
are consumed when evaluate scan queries, thus improving performance. Our padded
encoding scheme can enhance this early pruning effect.

We note that our proposed padded encoding may produce longer codes than those
produced by simpler popular methods such as simple dictionary encoding. However, the
average number of bits that we need to access when evaluating a scan predicate is actually
reduced when there is skew in the data and/or predicate literals, resulting in improved
scan performance. A subtle but crucial point to note is that the encoding that we propose
takes into account both the distribution of the column values and the distribution of the
values that are used in query predicates to improve the scan performance. Accounting for
only one of these aspects potentially misses opportunities for holistic optimization.

With the design of the padded encoding scheme in place, we next develop a cost function
to capture the effects of both data and predicate skew for improved scan performance. We
present an algorithm that can construct an optimal padded encoding in O(n3) time, where
n is the number of distinct codes/values in an encoding. However, this algorithm may be
prohibitively expensive in practice when applied to a large domain of values. The next
key contribution of this chapter is to propose a more practical padded encoding algorithm
that uses heuristics to provide a near-optimal solution while significantly reducing the
algorithmic time complexity.

We have conducted an evaluation of the padded encoding using both micro-benchmarks
and queries from the TPC-H benchmark. Our evaluation shows that the use of the padded
encoding method improves scan performance by up to 3.8X for a highly skewed distribution.
The additional overhead associated with the longer codes produced by the padded encoding
is generally small, even in the worst-case where the padded encoding is constructed based
on an incorrect distribution. We also evaluate our methods on the scan component of
TPC-H queries, and show that the scan component can be accelerated as much as 3.4X. An
astute reader may have noticed that the TPC-H dataset has no skew in the distribution
of the column values, so any gains (even for scans) may seem surprising. We note that
TPC-H dataset is in fact not an ideal test dataset for our method for precisely this reason,
but our methods still improve the scan performance for some queries in the benchmark
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as these queries have predicate literal skew – i.e. certain constants in predicates appear
more frequently, and our methods can leverage that skew. If both the data and the predicate
literals are uniformly distributed, our methods do not improve scan performance, and we
acknowledge this fact.

This chapter makes four contributions. First, to the best of our knowledge, this is the
first work to draw insight from the observation that skew in the distribution of the constants
in query predicates can be leveraged for improved scan performance. Second, we design a
padded encoding scheme that leverages data and predicate literal skew to improve scan
performance. Third, we map the padded encoding problem to existing work, and then
design a new practical (heuristic) algorithm to compute a padded encoding. Finally, we
empirically demonstrate the effectiveness of our method.

The remainder of this chapter is organized as follows: Section 3.1 contains some pre-
liminaries. Section 3.2 describes data and predicate literal skew. Section 3.3 describes
the new padded encoding scheme, and Section 3.4 presents the algorithms to construct
such encodings. Section 3.5 introduces further optimizations. Section 3.6 contains our
experimental results. Related work is covered in Section 3.7, and Section 3.8 contains our
concluding remarks.

3.1 Background

3.1.1 Encoding techniques for database systems

Encoding techniques have been extensively used in main memory analytical data processing
settings in both the research community (e.g. [54, 26, 12, 2, 83, 64, 65, 8, 20]), and in industry
(e.g. [27, 96, 79, 61, 56]). An encoding scheme compresses columns, or attributes, using a
fixed-length order-preserving scheme, and converts a native column value to a code. In this
chapter, we use the term “code” to refer to an encoded column value. The data for a column
is represented using these codes, and these codes only use as many bits as are needed for
the fixed-length encoding. Note that the size of a code can be an arbitrary number of bits,
and the code need not be aligned to the boundaries of a byte or a processor word.

In these compression methods, all value types, including numeric and string types, are
encoded as an unsigned integer code, resulting in a discrete domain for column values.
For example, an order-preserving dictionary can map strings to unsigned integers [54, 12].
Floating point numbers can be converted using a scale scheme that multiples by a certain
factor [26, 88]. These compression methods maintain an order-preserving one-to-one
mapping between the column values and the codes. As a result, column scans can often
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be directly evaluated on the codes. Codes may need to be recomputed if the underlying
values change (i.e. new values are inserted/updated), but in many analytic settings the
data is read-mostly. Nevertheless, methods to re-encode the database efficiently may be
needed, and it is an interesting direction for future work.

3.1.2 Vertical bit-packing

This chapter focuses on data stored in columnar vertical bit-packing format, such as the
BitWeaving/V method presented in Section 2.4.1 and [71, 81, 29], as these have been shown
to be very efficient (see Section 2.4.1). In this chapter, we call these methods vertical bit-
packing, as they use a bit-level columnar data organization; i.e., the highest-order bits of all
column codes are arranged sequentially, followed by the second highest-order bit, and so
on.

The example shown in Figure 3.1a illustrates how a scan operation works on a vertical
bit-packed column. Here, the column priority is encoded using an order-preserving
dictionary, converting the native column values to 3-bit codes. With vertical bit-packing,
the eight codes in the column are broken into two fixed-length segments. In each segment,
we store the most significant bits of the four codes in the first processor word (this example
assumes 4-bit processor words), followed by the second most significant bits, and finally
the least significant bits. Thus, the vertical dashed box in the figure represents the code for
the first column value.

A scan operation on a vertical bit-packed column leverages a key insight that within
each processor clock cycle there is “abundant parallelism” as the processor’s ALU operates
on multiple bits in parallel. To find the tuples with a priority value higher than “2-medium”,
we evaluate the predicate on each segment independently. For each segment, a vertical
bit-packing scan algorithm compares each pair of bits at the same bit position of the column
code and a code that is obtained by encoding the predicate literal using the same dictionary,
starting from the most significant bits to the least significant bits. In addition, the scan
performs this bitwise comparison operation on a vector of codes in parallel. Consider
Segment 1 in Figure 3.1a. By comparing the first bit of the predicate constant code (0) with
the first bits of the four codes (0001), we notice that only the 4th code is guaranteed to be
greater than the constant at this point (we use the symbol “?” to denote an unknown result
in the figure). Next, we expand the comparison to the second bit between the constant and
the column codes. Now, we also know that the 1st code is less than the constant because
their first two bits (00) are less than the first two bits of the constant (01). Finally, by looking
at the least significant bits, we obtain the comparison results for all the four column codes.
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Figure 3.1: Workflow of evaluating the predicate “priority > 2-medium” on the column
priority with the example values.

The predicate evaluation is converted to a bitwise logical computation on processor words
that are fully filled with bits from different column codes.

In many cases, we can further improve the efficiency of a vertical bit-packed scan
operation by safely pruning the computation without looking at all the bits in the column.
The intuition behind this early pruning technique is as follows. Consider Segment 2 in
Figure 3.1a. By comparing the leading two bits of the predicate literal code with the leading
two bits of the four column codes in this segment, we know that all the four codes (and
hence the underlying column values) are less than “2-medium”, and do not match the
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predicate. At this point, all the codes have a definite answer with respect to this predicate,
and we can terminate the computation on this segment. Organizing the column codes at
the bit level allows us to skip over less significant bit positions once a predicate has been
conclusively evaluated for all the codes in a segment.

In general, each segment contains a fixed number of codes, denoted as b. The segment
size b equals to the number of bits in a processor word (b = 64 for modern processor ALU
words and 128 - 512 bits for SIMD vectors). The probability of early pruning increases at
successively larger bit position numbers (counting from the most significant bit at position
0). More specifically, let f(i) denote the early pruning probability at bit position i. According
to the definition, f(i) equals to the probability that the b column codes are all different
from the predicate literal in the most significant i bits. Assume that a column code and
the predicate literal have the same value at a certain bit position with a probability of 1/2
(which is true when the column values and the predicate literals are uniformly distributed,
and the column values span the entire range of values that can be encoded by b bits.). Then,
we have:

f(i) = (1 − (
1
2
)i)b. (3.1)

When b = 64, the early pruning probability at the bit position 12, f(12), is above 99%, which
indicates that in many cases we can safely terminate the scan after looking at the first 12
bits.

In this chapter, we focus on designing encodings that go beyond simple dictionary
encoding to further enhance scan performance by exploring two opportunities: 1) assigning
short codes to frequent predicate literals such that scans only need to access the prefixes
of column value codes to compute a definite result for the predicate; 2) assigning short
codes to frequent column values such that we relax the assumption that column codes and
predicate literal codes have the same value at a bit position with a probability value of 1/2
as discussed above, and make the early pruning occur at an earlier bit position. We will
continue the example in Section 3.3 to show the basic idea behind the proposed encoding
(Figure 3.1b).

3.2 Workload analysis

Data skew is a well-known phenomenon that has been extensively studied in the context of
database systems. The term “data skew” loosely refers to several related but distinct types
of skew. The key focus of this chapter is on two types of data skew: column value skew
and predicate literal skew. Both column values and predicate literals need to be converted
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to codes using the encoding algorithms that are proposed in this chapter.
Column Value Skew (CVS). Column value skew, or attribute value skew, is the best-

known type of data skew. It broadly denotes a non-uniform distribution of column (at-
tribute) values in databases. Column value skew is a property of the real-world data,
and is also called intrinsic skew in the literature [93]. In order to compute a column value
distribution, we simply count the number of occurrences of each distinct column values in
a certain column.

Predicate Literal Skew (PLS). Predicate literal skew denotes an uneven distribution in
the literals that appear in query predicates, which generally tend to choose certain values
more frequently than others. Like column value skew, predicate literal skew derives from
real-world data, independent of the storage or query processing algorithms. In order to
calculate the distribution of predicate literals, for each predicate in the form of R.a ◦ A,
where the operator ◦ ∈ {<,>,=, 6=,6,>}, we increment the weight of the literal A; for each
range predicate in the form of R.a between A0 and A1, we update the weights of both A0

and A1 (a BETWEEN predicate is equivalent to a conjunction of two inequalities); for each
IN predicate R.a in A0,A1, · · · ,An, we increment the weights of all literals in the list, i.e.
A0 ∼ An (an IN predicate is equivalent to a disjunction of several equality predicates). We
note that the distribution of predicate literals is independent of the operations that the
predicate literal is involved in (e.g <,>,=, BETWEEN, IN).

Predicate literal skew is related to but distinct from predicate skew, also known as filter
skew [88, 7]. Predicate skew refers to a non-uniform distribution of the range of values
that a predicate matches, whereas predicate literal skew refers to uneven distribution of
the start and end values of the range, without regard to values between those bounds. For
instance, the predicates “R.a between A0 and A1” and “R.a between A0 and A2” are two
distinct predicates, but they share a common predicate literal A0. Thus, the distribution on
the predicate literals A0, A1, and A2 is more skewed than the distribution on the predicates
denoted by their range [A0,A1] and [A0,A2]. In general, predicate literal skew has a higher
degree of skew than predicate skew on a given database workload.

As a concrete example of predicate literal skew, consider the column l_shipdate in the
TPC-H benchmark [89], which records the shipping dates of items. For each predicate literal
on this column, e.g. the literal “1998-12-01” in the predicate “l_shipdate < 1998-12-01”,
we calculate its weight, i.e. how many instances of this literal occur in a predicate in one of
the 22 TPC-H queries. Figure 3.2 plots the cumulative percentage of TPC-H queries that
use a certain number of predicate literals from all those that appear in the benchmark. It is
clear that the distribution of predicate literals on the column l_shipdate is highly skewed.
(See [88] for other examples of skews in distribution of predicates.)
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Figure 3.2: The distribution of predicate literals for the column l_shipdate in the TPC-H
benchmark.

We note that the distribution of column values and the distribution of predicate literals
can be unrelated. For example, one can imagine that shipping-date columns in a database
may have frequent column values for dates that are close to holiday seasons, such as
Thanksgiving and Christmas seasons, as there are likely more purchases made during
these periods. In contrast, the frequent predicate literals that are used to query this attribute
often include the first and the last day of each year, each quarter, each month, etc. These
dates are frequently selected as predicate literals to run analysis queries on an annual,
quarterly, and monthly basis.

The encoding algorithms proposed in this chapter focus on scenarios with both skewed
column values and skewed predicate literals.

3.3 Padded encoding

There are two broad categories for data encoding schemes: fixed-length encoding, where
each code consists of the same number of bits, and variable-length encoding, where the codes
consist of a variable number of bits. Figure 3.3 shows a fixed-length encoding E0 and
a variable-length encoding E1 constructed for the example column priority. While a
variable-length encoding can leverage data skew to speed up scans by assigning smaller
codes to frequent values, it is inefficient to locate and decode a code in an encoded column,
and it is problematic to perform predicate evaluation on a set of codes in parallel (as
we discussed in Section 3.1.2). Fixed-length encoding, on the other hand, misses the
opportunity to leverage skew in the distribution of the column codes or the predicate
literals to enhance scan performance for frequent values. Therefore, in this section, we
propose a new encoding scheme, called padded encoding, to capture the best of both worlds.
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Values Fixed-length Variable-length Padded
encoding E0 encoding E1 encoding E2

0-unknown 000 00 000
1-low 001 01 010
2-medium 010 10 100
3-high 011 110 110
4-urgent 100 111 111

Figure 3.3: Example encodings E0, E1, and E2 constructed for the example column priority.

Terminology. In this chapter, we use the word code to refer to a finite sequence of bits
(binary digits). An encoding is a mapping that associates a code ci with each column value
ai in a database column. A code c is said to be in an encoding E if there exists one value
which could be converted to c using E. We use l(c) to denote the length of a code c in terms
of the number of bits. In addition, we use l(E) to denote the maximum length of all codes
in an encoding E. We say that we encode a value a to mean that we convert the value a to a
code, and decode a code c to mean that we convert the code c to its corresponding (native)
value.

3.3.1 Basic idea behind padded encoding

The basic idea behind the padded encoding method is to pad the codes produced by a
variable-length encoding scheme into a fixed-length code block, making all codes in the
padded encoding identical in code length. Formally, given a variable-length encoding
E ′, we construct a padded encoding E on E ′ as follows: for each code c ′ in E ′, we add
a sequence of l(E ′) − l(c ′) zeros at the end of the binary representation of the code c ′,
producing a new code c, i.e. c = c ′ 00 · · · 00︸ ︷︷ ︸

l(E ′)−l(c ′)

; then, c is the code associated with the value

of c ′ in the padded encoding E. We use the term base encoding to mean the variable-length
encoding that the padded encoding is constructed upon. We define the effective length of a
code c, denoted as l∗(c), in a padded encoding E as the length of the corresponding code
c ′ in the base encoding E ′, i.e. l∗(c) = l(c ′).

Example: Figure 3.3 shows the padded encoding E2 that is constructed on the variable-length
encoding E1 for the example column values. Thus, E1 is the base encoding of E2. To produce E2,
zeros are appended to the codes 00, 01 and 10 associated with the values “0-unknown”, “1-low”,
and “2-medium”, respectively. Thus, all codes in E2 have a 3-bit representation.

The padded encoding method provides an opportunity for performing efficient predi-
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cate evaluation on an encoded column. On one hand, as all codes in a padded encoding
have an identical code length, it is nearly as efficient as a fixed-length encoding to locate
a code or perform predicate evaluation on an encoded column in parallel. On the other
hand, it leverages the variable-length codes embedded in the padded encoded codes to
speed up the predicate evaluation on frequent values (we will discuss two key properties
that are required to achieve this goal in the section below). In short, the padded encoding
has the potential to capture the best of both worlds in terms of scan performance on an
encoded column.

3.3.2 Key properties

Two key properties are required of a base encoding in order to leverage padded encodings
for efficient predicate evaluation on skewed column codes, or with skewed predicate
literals:

• Order-preserving property. An encoding E has the order-preserving property if the
numerical binary order of the codes (comparing bits lexicographically first-to-last) in
E corresponds to the order of the associated values in E.

• Prefix property. A base encoding E ′ has the prefix property if no code in E ′ is a prefix
of any other code in E ′.

The order-preserving property of the base encoding enables predicate evaluation di-
rectly on the code domain when performing a scan. Lemma 3.1 shows that the order-
preserving property is retained when constructing a padded encoding on a base encoding.

Lemma 3.1. A padded encoding has the order-preserving property if its base encoding has the
order-preserving property.

Proof. We use a1 and a2 to denote two values. Let c1 and c2 denote the codes of a1 and a2

in the padded encoding, and c ′1 and c ′2 to denote their corresponding codes in the base
encoding. If the base encoding has the order-preserving property, then we have c ′1 > c ′2 ⇔
a1 > a2. It is clear that adding zeros to the end of codes does not change the numerical
binary order of c ′1 and c ′2, i.e. c1 > c2 ⇔ c ′1 > c

′
2. Thus, we obtain c1 > c2 ⇔ a1 > a2; that is,

the padded encoding also has the order-preserving property.

To perform a scan on an order-preserving padded encoded column, it is usually un-
necessary to convert all codes in the column to the native column values and compare
them with the predicate literal. Instead, since the order-preserving property guarantees
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that the order of codes is identical to the order of native column values, we can encode the
predicate literal and compare all codes with the code of the predicate literal directly without
decoding. For example, say that we wished to find all tuples whose priority is higher than
“2-medium” using the order-preserving example padded encoding E2 in Figure 3.3. To
accomplish this task, we simply convert the predicate literal to a code “100” using E2, and
then scan the column to find all tuples whose code is greater than “100”.

The base (variable-length) encoding should also have the prefix property to speed
up scans with frequent predicate constants. The lemma below shows the basic principle
behind this observation.

Lemma 3.2. The answer to a comparison between two codes c1 and c2 in a padded encoding E can
be obtained by comparing up to min(l∗(c1), l∗(c2)) leading bits so long as E’s base encoding has
the prefix property.

Proof. Let Pl(c) denote the prefix of a code c of length l bits. We use c ′1 and c ′2 to denote
the corresponding codes of c1 and c2 in the base encoding of E, respectively. According
to the definitions, we have c ′1 = Pl∗(c1)(c1) and c ′2 = Pl∗(c2)(c2). Without loss of generality,
we assume l∗(c1) < l∗(c2). If we have Pl∗(c1)(c1) = Pl∗(c1)(c2), then c2 must be identical
to c1, because there does not exist another code in the base encoding of E whose prefix
is the same as c ′1 = Pl∗(c1)(c1), according to the prefix property of the base encoding. If
Pl∗(c1)(c1) < Pl∗(c1)(c2), we have c1 < Pl∗(c1)(c1)+1 6 Pl∗(c1)(c2) 6 c2, which implies c1 < c2.
Similarly, if Pl∗(c1)(c1) > Pl∗(c1)(c2), we have c2 < Pl∗(c1)(c2) + 1 6 Pl∗(c1)(c1) 6 c1, which
implies c1 > c2. In summary, the comparison result between Pl∗(c1)(c1) and Pl∗(c1)(c2)

implies the comparison result between c1 and c2. Thus, we can compare the prefixes of
length l∗(c1) = min(l∗(c1), l∗(c2)) to obtain the comparison result between c1 and c2. This
completes the proof.

Using Lemma 3.1 and Lemma 3.2, we can devise an efficient scan method for skewed
column values and skewed predicate literals using padded encoding.

With predicate literal skew it is only necessary to access enough leading bits of the
codes, i.e. the effective length of the literal code, until we get a definite result on the
predicate. Given a vertical bit-packed column where all bit positions are stored separately
(see Section 3.1.2), this method could enhance the scan performance by reducing both the
number of instructions and the memory bandwidth that is needed to compute the scan
operation.

Example: Figure 3.1b shows the process of evaluating the example predicate on a column en-
coded with the padded encoding E2. The effective length of the code associated with the predicate
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literal “2-medium” is two. Thus, we only need to access the leading two bits of each code to obtain
the comparison results. Let us first focus on Segment 1 in Figure 3.1b. Even though the 2nd code
has the same value as the predicate literal code in the leading two bits, we can still safely terminate
the comparison at this bit position, as the 2nd code is guaranteed to be equal to the predicate lit-
eral code according to Lemma 3.2. Consequently, the scan with E2 has the potential to achieve a
1.5X speedup over the scan with E0 that accesses all three bits of all codes in Segment 1 (shown in
Figure 3.1a).

For column value skew, we could quickly get definite results when comparing a set of
column codes to a literal code, increasing the probability that the comparison between the
whole set of column codes in a segment and the literal code safely terminates at an early
bit position. To achieve this goal, we assign short codes for frequent column values, which
in turn increases the likelihood that codes have distinct bit values in the leading bits.

Example: Reconsider Segment 2 in Figure 3.1. Recall that with the encoding E0, the column
values “0-unknown” and “1-low” have the same bit value as the predicate literal “2-medium” at
the 1st bit position (as shown in Figure 3.1a). The early pruning then occurs at the 2nd bit position.
In contrast, the padded encoding E2 assigns codes with short effective lengths to the frequent values
“0-unknown”, “1-low”, and “2-medium” (as shown in Figure 3.1b), which generally increases the
likelihood that the codes have different values in the leading bits. In the case of Segment 2, the
column codes (000, 010) and the predicate literal code (100) have a distinct bit value at the most
significant bit position. Thus, we can prune the predicate evaluation on Segment 2 earlier at the
first bit position. As compared to E0, E2 has the potential to be 2X faster when evaluating the scan
on Segment 2.

3.4 Encoding algorithms

In this section, we present a series of encoding algorithms to construct optimal and near-
optimal variable-length encodings. Then, a padded encoding can be constructed by appro-
priately padding these variable-length encodings.

3.4.1 Problem definition

Encoding algorithms for data skew take as input a sequence of n values, a0,a1, · · · ,an−1,
that have been sorted in a domain-specific order, e.g. an alphabetical order for string values.
We define the distribution of predicate literals as a sequence of weights, p0,p1, · · · ,pn−1,
where pi represents the frequency that the value ai is selected as a predicate literal in
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queries. Similarly, we define the distribution of column values as a sequence of weights,
q0,q1, · · · ,qn−1, where qi represents the frequency that the value ai occurs in a column.
The sum of all column value weights and predicate literal weights equals 1, i.e. p0 + p1 +

· · ·+ pn−1 = 1, and q0 + q1 + · · ·+ qn−1 = 1.
The encoding problem is to find a variable-length encoding E with minimum value for

the cost of encoding C(E) amongst all variable-length encodings that have both the order-
preserving property and the prefix property. The cost of encoding C(E) is derived in more
detail below in Section 3.4.2.

3.4.2 Cost model

In this section, we present a framework to capture data and predicate skews, and then use
that framework to produce a mathematical model to create an optimal encoding. Given a
variable-length encoding E, we quantify the cost of encoding C(E) in terms of the expected
cost of running a scan operation with this encoding. We validate this cost function in
Section 3.6.1.6. The notations used in this section are summarized in Table 4.1.

Symbol Definition
n The number of distinct values in the column
b The number of codes in a segment
ai The i-th value
ci The code of ai

l(ci) The code length of ci
pi (qi) The predicate literal (column value) frequency of ai

ui (vi) The i-th internal (leaf) node in the binary tree
wp(u) The predicate literal (column value) weight of

(wq(u)) a subtree rooted at an internal node u

Table 3.1: Summary of notations used in Chapter 3.

In the interest of simplicity of presentation, we use a binary tree representation to show
a variable-length encoding. Each leaf node of the binary tree corresponds to a value in
the encoding whose binary code defines a path from the root of the binary tree to the
corresponding leaf node. In this path traversal, choosing the left branch at the level i
corresponds to setting the i-th bit in the code to 0, and choosing the right branch maps to a
bit value of 1. Figure 3.4 shows the binary tree representation of the example variable-length
encoding E1 from Figure 3.3.

The values associated with the leaf nodes are sorted in the domain specific order of
the values, ensuring the encoding’s order-preserving property. Let vi denote the (i+ 1)-th
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Figure 3.4: The binary tree representation of the example variable-length encoding E1 from
Figure 3.3.

leaf node in the binary tree. Thus, the leaf node vi corresponds to the value ai with the
predicate literal weight pi and the column code weight qi. Also, we use u1 ∼ un−1 to
denote the n− 1 internal nodes. Here, ui is the i-th internal node in symmetric order (i.e.
in-order). We also use wp(u) to denote the predicate literal weight of a subtree rooted
at an internal node u, i.e. the sum of the predicate literal weights pi of all leaf nodes in
this subtree. Similarly, wq(u) denotes the column code weight of a subtree rooted at the
internal node u.

With the binary tree representation, the cost of encoding C(E) can be calculated as
the sum of the cost for each internal node, denoted as C(ui), as shown in Formula 3.2.
Formula 3.3 shows the cost function for each internal node C(ui). Collectively, Formula 3.2
and 3.3 provide the cost function that is needed by the encoding algorithms. The unit of
cost in these formula is the cost of accessing and comparing at one bit position.

C(E) =

n−1∑
i=1

C(ui). (3.2)

C(ui) = (1 − (1 −wq(ui))
b) ·wp(ui). (3.3)

Note that the cost of each internal node C(ui) only relies on the predicate literal weights
and the column value weights of nodes that are in the subtree rooted at the internal
node ui, as wp(ui) (or wq(ui)) represents the sum of the predicate literal (or the column
value) weights of all leaf nodes in the subtree under ui. This key property implies that we
can design more efficient recursive encoding algorithms compared to an algorithm that
exhaustively searches over all possible encodings.

Example: Consider computational cost of the encoding E1 shown in Figure 3.4. Assume that
the column value weight of a value is the frequency that the value occurs in the example column
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shown in Figure 3.1. Thus we have q0 = 2/8, q1 = 3/8, q2 = q3 = q4 = 1/8. We also suppose
that the only value that can be used as a predicate literal is “2-medium”, thus we have p2 = 1.0,
p0 = p1 = p3 = p4 = 0.0. Suppose that the segment size b is 4 in this example. Then, we can
calculate the cost associated with the internal node u3 using Formula 3.3 as: C(u3) = (1 − (1 −

(1/8+1/8+1/8))4)·1 = 0.847. Similarly, the cost of the root node isC(u2) = (1−(1−1)4)·1 = 1.
The costs of other internal nodes are all zeros. Finally, we obtain the cost of the encoding E1 as:
C(E1) = C(u2) + C(u3) = 1.847. In this case, E1 actually has the minimum cost amongst all
encodings that have both the prefix and the order-preserving properties.

In the remainder of this section, we illustrate how we derive the cost function shown
in Formula 3.2 and 3.3. The cost of the encoding C(E) is the weighted sum of the cost
of each literal code ck, denoted as C(ck), over all possible literal codes in E, i.e. c0 ∼ cn.
Note that if a predicate literal is not present in the encoding, then it cannot be converted
to a code. In this case, we transform it to a value in the encoding, without changing the
semantic meaning of the predicates, using the method presented in Section 3.5.3. Thus, we
can express C(E) in terms of the number of values (i.e. n as defined in the beginning of
Section 3.4.1) as follows:

C(E) =

n−1∑
k=0

C(ck) · pk (3.4)

Next, we analyze the cost of a literal code ck, C(ck), in terms of the cost of a scan
operation on a segment containing b codes, i.e. the cost of comparing a vector of b column
codes to the literal code ck. According to Lemma 3.2, the number of bits that must be
accessed in order to obtain a definite answer for a comparison of a column code with
the literal code ck, is bounded by the length of the literal code: l(ck). Thus, even in the
worst-case, we can always complete the comparison between the entire segment and the
literal code ck by comparing each bit of the literal code ck. In certain cases, the comparison
terminates before accessing all the l(ck) bits due to early pruning (see Section 3.1.2). We
use f(i) to denote the early pruning probability at the i-th bit position, i.e. the probability
that we can terminate the computation at the i-th bit position (note, f(0) = 0 as the early
pruning cannot occur before the first bit position). Let us assume that the cost of accessing
a bit position is 1. Then, the cost associated with the i-th bit position can be represented by
the probability that early pruning does not occur in its immediately previous bit position,
i.e. 1 − f(i − 1). Thus, the total cost for the predicate literal ck is the sum of the costs at
each bit position of ck, i.e.:

C(ck) =

l(ck)∑
i=1

(1 − f(i− 1)). (3.5)
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Next, we derive the early pruning probability f(i), i.e. the probability that the b column
codes in a segment are all different from the predicate literal ck in the most significant
i bits, by using the binary tree representation of the encoding. With the binary tree
representation, the literal code ck corresponds to a path from the root to the leaf node
vk. Let Ui(ck) denote the node at level i on the path associated with ck (thus, the edge
between nodes Ui−1(ck) and Ui(ck) corresponds to the i-th bit of ck). The codes that share
the common prefix of length iwith the literal code ck are exactly those in the subtree rooted
at Ui(ck). Consequently, the probability that a code is identical to the literal code ck in the
leading i bits is the probability that the column code is in the subtree rooted at Ui(ck), i.e.
the column value weight of the subtree wq(Ui(ck)). Hence, the early pruning probability
on a segment of b column codes is:

f(i) = (1 −wq(Ui(ck)))
b (3.6)

By substituting Equation 3.5 and Equation 3.6 into Equation 3.4, the cost of the encoding
E can be rewritten as:

C(E) =

n−1∑
k=0

(

l(ck)−1∑
i=0

1 − (1 −wq(Ui(ck)))
b) · pk (3.7)

Now, we reformulate formula 3.7 so that the cost of the encoding E is the sum of the
cost on each internal node ui, denoted as C(ui), of the binary tree associated with E. For
a given literal code ck, Formula 3.7 essentially adds the cost (1 − (1 −wq(Ui(ck)))

b) · pk
to each internal node Ui(ck) that we encounter in the path corresponding to ck (note that
the leaf nodes, which can be represented by Ul(ck)(ck) in a path for ck, are not involved
in Equation 3.7). Thus, the cost associated with each internal node C(ui) is the sum of
the cost associated with ui in C(ck) for all possible literal codes ck that are in the subtree
rooted at ui, as shown in Formula 3.3. Finally, we complete our derivation by rewriting
Equation 3.7 as the sum of cost of all the internal nodes, obtaining Formula 3.2.

3.4.3 Optimal algorithm

We first present the optimal algorithm to find the minimum cost binary tree. The binary
tree with the minimum cost,C(E), is called an optimal tree. A key observation for an optimal
tree is stated in the Lemma below.

Lemma 3.3. All subtrees of an optimal tree are optimal.
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Proof. Suppose, to the contrary, that there exists a subtree T ′ in an optimal tree T that is not
optimal. Then, there exists another subtree T ′′ that is built on all leaf nodes of T ′ and has a
lower cost than T ′, i.e. C(T ′′) < C(T ′). According to Equation 3.2, the cost associated with
the tree T is the sum of the cost associated with T ′ and the cost associated with all other
internal nodes that are not in T ′. According to Equation 3.3, the cost associated with an
internal node is only related to the predicate literal weights and the column code weights of
codes that belongs to the subtree rooted at the node. Then, we can reduce the cost associated
with T ′, without changing the cost of all other nodes in T , by substituting the subtree T ′

with T ′′, which results in reducing the cost associated with the tree T . This contradicts the
supposition that T is optimal. Thus, Lemma 3.3 follows by contradiction.

According to the lemma above, the problem at hand exhibits an optimal substructure:
that is, the solution to the entire problem relies on solutions to subproblems. Naturally
then, we can use a dynamic programing-based solution for this problem. Let us define
a function C(i, j) as the minimum cost of a binary tree built on a sequence of leaf nodes
starting from the i-th leaf node vi to the j-th leaf node vj, where (0 6 i 6 j < n). In
addition, we useWp(i, j) to denote the predicate literal weight of a subtree built on vi ∼ vj,
i.e. Wp(i, j) =

∑j
k=i pk. Similarly, letWq(i, j) denote the column code weight of a subtree

built on vi ∼ vj, i.e. Wq(i, j) =
∑j

k=i qk.
We can define C(i, j) recursively as follows. If i = j , the problem is trivial; the tree

consists of just one node with the cost equal to 0. To compute C(i, j) when i < j, we take
advantage of the optimal substructure shown in Lemma 3.3. We enumerate the value
of k between i and j, splitting the tree between the (k − 1)-th and k-th leaf nodes. Then
C(i, j) equals the minimum cost to compute the left subtree and the right subtree, plus
the cost associated with the root node. Note that according to Equation 3.3, the cost
of the root node is independent of the structure of the tree, and can be calculated as:
(1 − (1 −Wq(i, j))b) ·Wp(i, j). Thus, we have

C(i, j) =


0 , if i = j

min
i<k6j

(C(i,k− 1) + C(k, j)) +

(1 − (1 −Wq(i, j))b) ·Wp(i, j) , if i < j.

Algorithm 4 shows the pseudocode for an iterative implementation of this dynamic-
programming solution (we omit the pseudocode for constructing the optimal tree). This
solution requires a running time of O(n3) to find the optimal tree, because there are O(n2)

cells in the matrix of C(i, j), and it takes O(n) instructions to compute each cell. The



59

algorithm requires O(n2) space to the store the C(i, j) matrix.

Algorithm 4 Computing the optimal encoding
Input: The predicate literal weights p0,p1, · · · ,pn−1

The column code weights q0,q1, · · · ,qn−1
Output: The minimum cost of the tree

1: Wp(i, j) :=
∑j

k=i pk, for 0 6 i 6 j < n
2: Wq(i, j) :=

∑j
k=i qk, for 0 6 i 6 j < n

3: Cq(i, i) := 0, for 0 6 i < n
4: for d := 2 . . .n do
5: for i := 0 . . .n− d do
6: j := i+ d− 1
7: C(i, j) := ∞
8: for k := i+ 1 . . . j do
9: if C(i,k− 1) + C(k, j) < C(i, j) then

10: C(i, j) := C(i,k− 1) + C(k, j)
11: C(i, j) := C(i, j) + (1 − (1 −Wq(i, j))b) ·Wp(i, j)
12: return C(0,n− 1);

3.4.4 Near-optimal algorithm: AMPE

Since the optimal algorithm has an O(n3) time complexity, it is impractical for large values
of n. In this section, we present a heuristic-based approach that provides a faster, but
near-optimal solution. We call the algorithm AMPE for Approximate Method to compute
Padded Encoding. The AMPE algorithm uses two primary heuristics, namely the mono-
tonicity heuristic (Section 3.4.4.1) and the early pruning heuristic (Section 3.4.4.2), and the
code size reduction technique (Section 3.4.4.3).

3.4.4.1 Monotonicity heuristic

The first heuristic is from Knuth’s solution to the problem of the optimal binary search
tree [49, 50]. Knuth observed that there is a monotonicity property in the optimal binary
search tree problem: that is, the root of the optimal tree constructed on a sequence of
continuous leaf nodes vi ∼ vj, where (0 6 i 6 j < n), is never on the left of the root of
the optimal tree constructed on the leaf nodes vi ∼ vj−1. Formally, let R(i, j) denote the
root position for the subtree for the leaf nodes vi ∼ vj. Let r denote the node that is the
root of this subtree. Then, the R(i, j) value is computed as the index of the leaf node that
is the leftmost leaf node in the right subtree of the node r. For example, in the encoding
tree shown in Figure 3.4, R(0, 4) = 2 and R(2, 4) = 3 . The monotonicity property states
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that R(i, j− 1) 6 R(i, j). We can also obtain R(i, j) 6 R(i+ 1, j) according to the symmetric
property.

The encoding problem does not have a monotonicity property, as it uses a different
cost function from the optimal binary search tree problem (see Appendix A.3 for a coun-
terexample). Nevertheless, we observe that it is fairly rare that the root position of the
optimal tree breaks the monotonicity property. Thus, we use the monotonicity property as
a heuristic to quickly find a near-optimal solution.

The monotonicity heuristic suggests an improved algorithm. When computing the
minimum value of C(i, j), it is not necessary to enumerate all values in the entire range
(i 6 k < j) to find the root position of the optimal tree, but we can focus on the limited
range between R(i, j− 1) and R(i+ 1, j).

We show the pseudocode for the modified dynamic programming approach with the
monotonicity heuristic in Algorithm 5. The modified lines are marked with the symbol C .

With the monotonicity heuristic, the running time of the algorithm is reduced to
O(n2) [49]. The cost of the inner loop (Line 6-13) in Algorithm 5 is given by:

∑
06i6n−d,j=i+d−1(R(i+

1, j)−R(i, j− 1)+ 1) = R(n−d+ 1,n)−R(n−d,n− 1)+R(n−d,n− 1)−R(n−d− 1,n−

2) + · · ·− R(0,d− 1) +n− d+ 1 = R(n− d+ 1,n) − R(0,d− 1) +n− d+ 1 < 2n. Then, as
the outer loop takes on n− 1 values, the algorithm requires a running time of O(n2).

Algorithm 5 Computing the near-optimal tree for the general case
Input: The predicate literal weights p0,p1, · · · ,pn−1

The column code weights q0,q1, · · · ,qn−1
Output: The minimum cost of the tree

1: Wp(i, j) :=
∑j

k=i pk, for 0 6 i 6 j < n
2: Wq(i, j) :=

∑j
k=i qk, for 0 6 i 6 j < n

3: Cq(i, i) := 0, for 0 6 i < n
4: R(i, i) := i, for 0 6 i < n C
5: for d := 2 . . .n do
6: for i := 0 . . .n− d do
7: j := i+ d− 1
8: C(i, j) := ∞
9: for k := R(i, j− 1) . . .R(i+ 1, j) do C

10: if C(i,k− 1) + C(k, j) < C(i, j) then
11: C(i, j) := C(i,k− 1) + C(k, j)
12: R(i, j) := k C
13: C(i, j) := C(i, j) + (1 − (1 −Wq(i, j))b)) ·Wp(i, j)
14: return C(0,n− 1);
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Figure 3.5: The tree constructed with the early pruning heuristic.

3.4.4.2 Early pruning heuristic

This second heuristic is based on an observation of the early pruning technique (see
Section 3.1.2). When comparing a segment of b column codes to a literal code starting
from the most significant bit, the probability for early pruning increases as the bit position
number increases. At a certain position, the early pruning probability becomes very close
to 100%, which indicates that in many cases we can safely terminate the scan after looking
at a limited number of leading bits. In other words, the effects of both the predicate literal
weights and the column code weights decline as we go down the binary tree from the root
to the bottom levels, leading to a relatively balanced tree structure near the bottom of the
binary tree. It is also the case that the leaf nodes that are close to the root in an optimal tree
are usually associated with the most frequent values.

With this early pruning heuristic, we now present a preprocessing algorithm. Given a
sequence of n values, we first find up to 2k values, called frequent values, which includes
values with the top k predicate literal weights or with the top k column code weights. The
other values remaining in the sequence are then split into a set of segments by the frequent
values. For each segment, we construct a balanced binary tree. The root of each balanced
binary tree is treated as a “virtual” value with the predicate literal (column code) weight
equal to be the sum of the predicate literal (column code) weights of all the values in this
subtree. A follow-up encoding algorithm is then performed on up to 2k frequent values
and the up to 2k+ 1 “virtual” values.

Figure 3.5 shows an example binary tree constructed on 16 values using the early
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pruning heuristic. In this example, we construct the binary tree with the 4 most frequent
values (a2,a3,a7, and a8) (k = 4). Other values are split into three segments (a0 ∼ a1,
a4 ∼ a6, and a9 ∼ a15). For each segment, we build a balanced binary tree (marked grey in
the figure), forming the subtrees with 2, 3, and 7 leaf nodes, respectively. Thus, a follow-up
encoding algorithm needs to process only 7 nodes (4 frequent nodes plus the 3 roots of
these balanced subtrees), instead of all the 16 nodes.

We select the value of k according to the bit position number where early pruning
occurs with a fairly high probability. We denoted this bit position as e. Then, there are up
to 2e leaf nodes in the top part of the optimal tree that has a relatively unbalanced structure.
Hence, we set k = 2e. For example, when the segment size b = 64, e ≈ 12, then we set
k = 212 = 4196.

This algorithm takes O(n log k) time to find the frequent values, and then O(n) time to
construct balanced binary subtrees. Together with the monotonicity heuristic, the follow-
up encoding algorithm requires a running time of O(k2), as there are up to 2k frequent
values and up to 2k + 1 “virtual” values after the preprocessing algorithm. Thus, the
time complexity of the near-optimal algorithm is O(n log k+ k2). The algorithm’s space
complexity is O(n + k2). With this near-optimal encoding algorithm, it now becomes
practical to tackle the encoding problem for large values of n.

3.4.4.3 Reducing the code size

Our padded encoding method results in a fixed-length encoding, as fixed-length encodings
are easier to manage for storage and query processing. However, the padded encoding
method may produce longer (fixed-length) codes than those produced by popular order-
preserving encoding methods, such as simple dictionary encoding. This additional space
overhead has the potential to negate the performance gains of the padded encoding as: a)
it increases the space that is needed to store the encoded column(s); b) it could hinder the
scan performance if the distribution of the column values or the predicate literals changes;
and c) it increases the execution time to fetch a code from the encoded column(s). In this
section, we present a method to reduce the maximum code length of a padded encoding.

The basic idea behind this algorithm follows the early-pruning heuristic (see Sec-
tion 3.4.4.2): the effects of both the predicate literal weights and the column code weights
decline as we go down the binary tree from the root to the bottom levels, leading to a
relatively balanced tree structure at the bottom of the binary tree. In the remainder of
this section, we use the binary tree representation of the encoding. Thus, given a binary
encoding tree, we replace the subtree that contains the deepest leaf node of the encoding
tree with a balanced binary tree, reducing the maximum level of the encoding tree.
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Algorithm 6 Reducing the maximum level of an encoding tree
Input: The binary encoding tree T

The level l
Output: A binary encoding tree T ′

1: T ′ := T
2: lmax := 0
3: for all internal node u at level l of T do
4: n := the number of nodes in the subtree rooted at u
5: lmax := max(lmax, dlog2 ne+ l)
6: for all internal node u at level l of T do
7: lu := the maximum level of nodes in the subtree rooted at u
8: if lu > lmax then
9: Replace the subtree rooted at u in T ′ by a balanced tree

10: return T ′

Algorithm 6 shows the pseudocode for the algorithm that reduces the maximum level
of a binary encoding tree, starting from an input level l. In the first loop (Line 3 to Line 5),
we compute the maximum level (lmax) of the encoding tree if we replace the subtree rooted
at each internal node at the level l by a balanced binary subtree. Then, in the second loop
(Line 6 to Line 9), we perform the substitution process. However, if the maximum level in
a subtree is lower than lmax, replacing this subtree cannot reduce the maximum level of
the encoding tree, but could degrade the performance of scans with this encoding. As a
result, we only substitute a subtree if the maximum level of the subtree exceeds lmax. We
note that all nodes above the level l remain unchanged using this algorithm. This solution
requires a running time of O(n), because we need to access and reconstruct all subtrees
below the level l in the worst-case.

3.5 Optimizations

In this section, we discuss several techniques that further improve the encoding algorithms
proposed in this chapter in terms of performance and applicability. More specifically, we
present a method to support scans that compare two distinct columns in Section 3.5.1.
Then, we discuss why and how we construct a padded encoding for clustered columns
in Section 3.5.2. In Section 3.5.3, we describe a method that transforms a predicate to a
semantically identical predicate, but with a more frequent predicate literal. Finally, we
discuss how we preserve data locality in Section 3.5.4.
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3.5.1 Handling comparisons between columns

So far the main focus of the type of predicates is a comparison between a column and a
predicate literal. There is another common type of predicate that compares two distinct
columns, which can be represented canonically as R.a1 − R.a2 ◦A, where the operator −
is the minus operator, the operator ◦ ∈ {<,>,=, 6=,6,>}, and A is a predicate literal. For
example, we might want to find the sale records whose shipping date is within one week
of the order date by using the predicate shipdate 6 orderdate + 7. However, scans with
this type of predicate do not directly benefit from the encoding techniques proposed in
this chapter so far.

To handle predicates that compares two columns R.a1 and R.a2, we propose adding a
delta column, which is a materialized column representing the difference between the values
from the two columns, i.e. R.a1 − R.a2. Thus, predicates that compare these two columns,
i.e. R.a1 − R.a2 ◦ A, now becomes a “regular” predicate that compares a delta column
to a predicate literal, i.e. delta(R.a1,R.a2) ◦A. An encoding can now be constructed on
the delta column based on the column value weights and predicate literal weights of the
values appearing in the delta column, making it feasible to leverage our padded encoding
technique to speed up scans with this type of predicate.

Considering the above example again, assume that the predicate literal 7 is a frequent
predicate literal on the delta column that is built on shipmate - orderdate. Then, the
scan with the example predicate runs at a higher speed as we can assign a short code to
the value 7 in the encoding constructed for the delta column.

In practice, we only construct delta columns for comparisons that actually show up
frequently in the query workload. These delta columns consume extra space, and present
a space vs. time tradeoff for speeding up scan operations on these columns.

3.5.2 Encoding for clustered columns

The assumption that an encoding is constructed on a single column can be relaxed. Thus,
we can produce an encoding for a cluster of columns that share the same domain, and
have a similar distribution for their column values. To construct an encoding for a set of
columns, the predicate literal weights and the column value weights have to be computed
across all columns that share the encoding. Then, we encode the values in these columns
using the constructed encoding. As all codes in these columns are produced by using the
same encoding, it is efficient to compare the column values from two different columns.

For instance, we can directly compare the codes for the columns shipdate and orderdate
without decoding, if the two columns use the same encoding. The shared encoding also
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reduces the space consumption that is used to store multiple individual dictionaries.

3.5.3 Transforming predicates

A predicate on a scan operation can often be transformed into a semantically identical
predicate but with a distinct predicate literal. This is because the domain of an encoded
column is discrete, consisting of the values in the encoding. Thus, we can replace the literal
in a predicate with its immediate previous or next value in the domain and correspond-
ingly change the comparator. For example, a predicate shipdate <= ’2014-10-31’ can
be rewritten as shipdate < ’2014-11-01’ without changing the semantic meaning of the
predicate.

There are three primary reasons to consider transforming predicates. The first reason is
that we could switch to a more frequent predicate literal by transforming the predicate. In
the example above, it is worthwhile to transform the predicate to shipdate < ’2014-11-01’
if the predicate literal weight for the date “2014-11-01” is higher than that of “2014-10-31”,
leading to a scan with a shorter predicate literal code.

Second, the predicate transformation may produce a predicate literal distribution with
a higher degree of skew, which often results in a more efficient encoding. For example, if
we transform the predicate literal “2014-10-31” in all queries of a database to the literal
“2014-11-01”, then the predicate literal weight of the date “2014-10-31” is shifted to that of
the date “2014-11-01”. Thus, we now have a more skewed distribution for the predicate
literals, which improves the efficiency of the padded encoding scheme.

Finally, we have to transform the predicate if the predicate literal is not in the encoding.
For instance, if the date column does not contain the date value “2014-10-31,” but a query
is issued with the predicate shipdate < ’2014-10-31’, then there is no assigned code for
the date “2014-10-31” in the encoding. In this case, we have to convert the predicate literal
with the immediate previous or next value in the encoding. Note that the decision between
choosing the immediate previous value or next value can be made based on the weights of
these two values.

3.5.4 Preserving data locality

Although the padded encoding method may increase the code lengths and may allow the
scan operation to skip over some bit positions, the storage layout of the BitWeaving(/V)
method naturally preserves the data locality for the padded encoding. With the BitWeaving
storage layout, a column of codes is broken down into fixed-length segments. The codes in
a segment are then transposed into the vertical bit-packing representation, and are further
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divided into fixed sized bit groups. This storage layout is designed to improve the data
locality and fully utilize the memory bandwidth. We omit a detailed discussion of this
aspect in this chapter, and refer interested readers to Section 2.4.1.1.

3.6 Evaluation

Our experimental server has dual 2.0 GHz Intel Xeon E5-2620 6-core processors, and 32GB
of 1600 MHz DDR3 main memory. The server runs 64-bit Linux 2.6.32. All experiments
are run in an in-memory setting as the database fits entirely in memory.

We have implemented the encoding techniques proposed in this chapter in C++. We
used an implementation of the BitWeaving/V [64] technique, as the vertical bit-packing
method to store and scan the encoded columns. We compiled the code using g++ 4.4.7
with optimization flags (-O3 -march=native).

3.6.1 Micro-benchmark evaluation

For the first experiment, we create a table R with a single column a. The column R.a contains
one billion values. (We have also experimented with different cardinalities for this table,
and found that the results are similar to the case with one billion values; thus, we omit
these additional results in the interest of space.) The column values are integer numbers
in the range of [0, 2d), where d is a parameter to adjust the domain size. By default, the
parameter d is set to 12, but we evaluate the impact of this parameter (see Section 3.6.1.3).
The performance of an encoding is evaluated by the time it takes to execute a scan query
on the column with a simple predicate R.a < A. The value of A is selected based on the
distribution of the predicate literals. The performance for other predicates is similar to that
with the less than (<) predicate, and is omitted in interest of space.

In the evaluation below, we generate three set of workloads with: a) only skewed pred-
icate literals, called UD-SP (Uniform-Data-Skewed-Predicates), b) only skewed column
values, called SD-UP (Skewed-Data-Uniform-Predicates), and c) with both skewed predi-
cate literals and skewed column values, called SD-SP (Skewed-Data-Skewed-Predicates).
The skewed column values/predicate literals follow a Zipfian distribution, with the skew
factor varying from 1.0 to 2.0. For SD-SP, the distribution of column values are different
from the distribution of predicate literals.

We construct padded encodings on the three sets of workloads. The encodings are
constructed on all integer values in the domain, no matter whether or not a value appears in
the column. For the workload UD-SP (or SD-UP), we set equal values for the column value
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(or predicate literal) weights, i.e. q0 = q1 = · · · = qn−1 =
1
n

, (or p0 = p1 = · · · = pn−1 =
1
n

).
We use the AMPE algorithm (see Section 3.4.4) to construct the padded encodings.

To serve as a yardstick, we also include the performance on an uniformly distributed
workload, called UD-UP (Uniform-Data-Uniform-Predicates). To encode this workload,
we use a simple null suppression encoding that removes leading zeros and converts the
column values in the range [0, 2d) to d-bit codes. This simple encoding does not exploit the
skewed distribution of column values and predicate literals.

Each experiment was run 10 times with different datasets that are produced by our
Zipfian data generator. For each run, we generate 100 queries based on the predicate literal
distribution. We report the average execution time for the 10× 100 queries.

3.6.1.1 Varying skew factor

In this evaluation below, we evaluate the scan performance (the focus of this chapter) with
the padded encoding on the three sets of workloads (UD-SP, SD-UP, and SD-SP).

Figure 3.6a shows the scan performance with padded encoding when varying the skew
factor of the Zipfian distribution. We also mark a horizontal line in the figure to indicate
the scan performance of the simple encoding on UD-UP. As can be seen in the figure,
not surprisingly, the scan execution time reduces as the skew increases on all the three
workloads. On UD-SP, the padded encoding improves scan performance by up to 3.6X
over the simple encoding. On SD-UP, the padded encoding is relatively less effective than
that on UD-SP, achieving an up to 65% speedup over the simple encoding. The reason
for this behavior is because the scan performance is determined by: 1) the effective code
lengths of all column codes in a segment, and 2) the effective code length of the only
predicate literal code. Thus, a short code may enhance the scan performance if it is used as
a predicate literal, but might not necessarily improve the scan performance if it is contained
in a segment as a column code.

As can be seen in Figure 3.6a, the padded encoding results in the best scan performance
on SD-SP, achieving up to 4.0X speedup over the simple encoding. We see that the perfor-
mance improvement on SD-SP is mainly due to predicate literal skew, rather than column
value skew, as the SD-SP curve is much closer to the UD-SP curve. The small gap between
the SD-SP and the UD-SP curves is due to the fact that the encoding on SD-SP is also
optimized for column value skew, in addition to predicate literal skew.

To better understand the effects of the padded encoding on the three workloads, we
plot the range of effective code length, i.e. the code length without the padded zeros, on
UD-SP, SD-UP, and SD-SP in Figure 3.6b, 3.6c, and 3.6d, respectively. In these figures, the
bar at each skew factor value represents the range of effective code length of the padded
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(c) Effective code length on SD-UP
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Figure 3.6: Execution time and effective code length of the padded encoding scheme when
varying the Zipfian skew factor.

encoding (thus, the low-end and high-end of the bar represent the minimum and maximum
effective code length). We also plot two points in each bar corresponding to the weighted
average effective code length based on the predicate literal weights (with the tag “Avg-PL”),
and column value weights (with the tag “Avg-CV”), respectively. Essentially, the “Avg-PL”
point represents the average effective code length of the values that are used in predicates,
whereas the “Avg-CV” point shows the average effective code length of the codes in the
column. In these figures, we also draw a horizontal line at 12 to represent the code length
of the simple encoding scheme.

As can be seen from Figure 3.6b ∼ 3.6d, the maximum code length of the encodings
on the UD-SP, the SD-UP, and the SD-SP datasets are 17.0, 15.0, and 16.2, respectively. All
these padded encodings amplify the size of codes, as compared to the code length 12 of
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the simple encoding. In spite of this, the average effective code length generally decreases
as the skew increases. On the UD-SP dataset, the average effective code length with the
predicate literal weights (Avg-PL) drops quickly. However, since the encoding on the UD-
SP dataset only optimizes for predicate literal skew, the weighted average effective code
length with the column value weights (Avg-CV) increases as the maximum effective code
length increases. Similarly, the encoding on the SD-UP dataset only reduces the average
effective code length with the column value weights. On the SD-SP dataset, nevertheless,
the encoding makes a trade-off between the predicate literal skew and column value skew,
and therefore reduces the average effective code length with the column value weights and
the predicate literal weights. We also see that the encoding on the SD-SP dataset reduces
the code length by around 1 bit while improving the scan performance relative to that on
the UD-SP dataset.

The space that is needed to store an encoded column is proportional to the code length
of the encoding, i.e. the maximum effective code length of the padded encoding (the “Max”
points in Figure 3.6 (b-d)), or the code length of the simple encoding (the dashed lines in
Figure 3.6 (b-d)). Thus, as can be seen in Figure 3.6 (b-d), the column encoded with the
padded encoding is up to 42%, 25%, or 35% larger than that with the simple encoding on
the UD-SP, the SD-UP, and the SD-SP datasets, respectively.

3.6.1.2 Varying locality

Next, we evaluate the effects of the locality of frequent values on the scan performance
with padded encoding. Consider the shipping date example that we discussed previously
in Section 3.2. The frequent values are the dates that are close to holiday seasons. Thus,
the frequent values tend to be located closer to each other sequentially. We call this
phenomenon the locality of frequent values. In this experiment, in order to study the effect
of the locality, we restrict the top 1% frequent values in the range [0, 212 · α), where α is a
locality factor and is varied from 1% to 100%. For example, when α = 10%, the top 1%
frequent values are within a small key range from 0 to 212 × 10%.

Figure 3.7 plots the execution time of the scans on the UD-SP and the SD-UP datasets,
and with the locality factor set to 1%, 10%, and 100%. On the SD-UP dataset, the scan
speed is further improved by up to 30% when there exists strong locality of frequent values.
In this case, most column codes in a segment tend to have similar prefixes. As a result, it is
more likely that the early pruning occurs at an earlier bit position, which in turn enhances
the scan performance. Also, when values exhibit strong locality, the encoding algorithm
can often construct a more effective binary tree as frequent values are closer to each other.
In contrast, the encoding on the UD-SP dataset only achieves marginal additional speedups
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Figure 3.7: Execution time of scans varying the locality of frequent values.

with locality of frequent values. The effect of locality of frequent values on the SD-SP
dataset is similar to that on the UD-SP dataset, and is omitted in the interest of space.

3.6.1.3 Varying domain sizes

Next, we evaluate the performance when varying the domain size from [0, 24) to [0, 228).
Note that the code size of an encoding is determined by the size of the domain that the
encoding is constructed on. For example, the code size of the simple encoding is varied
from 4 to 28 for the domains evaluated in this experiment.
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Figure 3.8: Execution time of scans varying the domain sizes.

Figure 3.8 compares the scan speeds with the simple encoding and the padded encoding
with varying domain sizes. When the domain size is 24, scans on the UD-SP and the SD-SP
datasets are only 50% faster than those on the UD-UP and the SD-UP datasets. As the
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domain size increases to 28, the execution time of the scan on the UD-UP dataset quickly
rises, while those on the UD-SP and the SD-SP datasets change very little. When the domain
size exceeds 212, the execution time of scans on the four workloads no longer increases, as
at this point the early pruning occurs in nearly all cases. In summary, the performance
improvement of the padded encoding scheme over the simple encoding scheme increases
when the domain size is smaller than 212, and does not change once the domain size exceeds
212. Note that the execution time of scans on the UD-SP and the SD-SP datasets remains
nearly constant across all domain sizes.

3.6.1.4 Robustness evaluation

In this experiment, we evaluate the robustness of the padded encoding scheme, i.e. the
performance of padded encoding if the distribution that the encoding is constructed on
does not match the real distribution. Note that the distribution of column values changes
slowly as new values are inserted into the column, especially when the number of new
values is a small fraction of the original dataset. As a result, the old distribution is often still
fairly accurate. Thus, we focus on the scenario where the distribution of predicate literals
changes, i.e. we construct padded encodings on the UD-SP and the SD-SP datasets based on
a Zipfian distribution with the scale factor set to 2.0, but generated queries with uniformly
distributed predicate literals (thus, SD-SP and UD-SP temporarily become SD-UP and
UD-UP, respectively).
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Figure 3.9: Robustness evaluation.

Figure 3.9 plots the execution time of scans with the encodings that are constructed on
an incorrect distribution of predicate literals. We include the performance of the simple
encoding on UD-UP as a yardstick of performance. The results on SD-UP are omitted here,
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as its performance is irrelevant to the distribution of predicate literals. When the domain
size is smaller than 212, the incorrect distribution imposes an up to 66% performance
penalty (relative to UD-UP) on the UD-SP and the SD-SP datasets. This is because the
padded encodings often have wider codes than the simple encoding. If the distribution of
predicate literals is incorrect, then the scan does not benefit from the small codes associated
with the frequent values in the padded encoding, but suffers from the increased code
size of the entire encoding. However, when the domain size exceeds 212, there is no
performance penalty on the UD-SP and the SD-SP datasets, because nearly all comparisons
safely terminate around bit position 12 due to early pruning, even for the codes whose
length is extended by the padded encodings.

From the results shown in Figure 3.9, we see that the scan on the SD-SP dataset is still
25% faster than the scan on the UD-UP dataset, even though the encoding is constructed
on an incorrect distribution on predicate literals. This performance improvement results
from the effect of column value skew. In this case, the encoding on the SD-SP dataset
has a similar effect to the padded encoding on the SD-UP dataset. Although the padded
encoding with both predicate literal skew and column value skew is only slightly faster
than that with predicate literal skew (see Figure 3.6a), it is more resilient to changes in the
distribution of predicate literals.

3.6.1.5 Optimal vs. near-optimal encodings

Finally, we compare the optimal and near-optimal encoding algorithms in terms of the
encoding building time and the scan performance. The tag “PE-opt” and “PE-mono” refer
to the optimal encoding algorithm (c.f. Section 3.4.3), and the near-optimal algorithm with
the monotonicity heuristic (c.f. Section 3.4.4.1), whereas “AMPE” refers to the near-optimal
algorithm with both monotonicity and early pruning heuristics (c.f. Section 3.4.4).

Figure 3.10a plots the building time of the optimal and near-optimal encoding algo-
rithms when varying the domain size. Not surprisingly, the building time of PE-opt and
PE-mono quickly increases as the domain size increases, due to their high time complexity.
The AMPE method is much faster than both PE-opt and PE-mono, taking less than four
seconds to construct a padded encoding with 224 = 16 million values. Thus AMPE enables
practical applications of our proposed padded encoding scheme.

Figure 3.10b and 3.10c show the average performance penalty of the two near-optimal
encodings, PE-mono and AMPE, over the optimal encoding PE-opt, respectively. The
error bars represent the minimum and maximum performance penalty in 100 runs for
each experiment. The performance penalty is shown as a percentage of the increase in
the execution time of scans. Since the measured execution time of scans is not sufficiently
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Figure 3.10: Comparisons between the optimal and near-optimal encoding algorithms on
the SD-SP dataset.
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accurate to reflect the performance penalty, we measured the performance penalty based
on the cost function we developed in Section 3.4.2. As can be seen from the figure, the
average performance penalty of PE-mono is between 0.1% and 0.0001%. AMPE adds extra
penalty when the skew factor is low, and has similar penalty with PE-mono when the skew
factor increases. The maximum performance penalty for both near-optimal algorithms
across all skew factors is less than 1%.

3.6.1.6 Validating the cost function

Figure 3.11 compares the measured time and the theoretical cost of scan operations with
the padding encodings on the UD-SP, the SD-UP, and the SD-SP datasets. The solid curves
represent the measured execution time, whereas the dashed curves show the theoretical
cost according to the cost model (present in Section 3.4.2). With the UD-SP dataset, the
theoretical cost matches the measured time across all the skew factors. With the SD-UP
and the SD-SP datasets, the lines associated with the measured time have a similar trend
to that associated with the theoretical cost, but are generally below the the cost curves. The
reason for this behavior is because the implementation of the early pruning mechanism
imposes an extra performance overhead that is not accounted for in the theoretical model.
Improving the implementation of the early pruning mechanism is an interesting direction
for future work.
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Figure 3.11: Comparison between the execution time and the theoretical cost of a scan
operation with the padded encodings.

3.6.2 TPC-H evaluation

In the evaluation below, we use the TPC-H benchmark [89] to evaluate the encoding
methods. These experiments were run against a TPC-H dataset at scale factor 10. The total



75

size of the database is approximately 10GB.
Although the TPC-H data generator assumes a uniform distribution for data in the

database, some of the predicate constants in the TPC-H queries are not uniformly dis-
tributed, e.g. the first of January of each year is frequently used on predicates. As a result,
we produced padded encodings for the TPC-H benchmark based on the distribution of
predicate literals, as per the TPC-H specification. To capture the uniform data distribution
aspect of the benchmark dataset, we simply set the column value weights to 1/n.

Encoding names Columns Code sizes

skew_date o_orderdate, l_shipdate, 17 (12)l_commitdate, l_receiptdate
skew_partname p_name 24 (21)
skew_container p_container 8 (6)
skew_size p_size 7 (6)
skew_shipinstruction l_shipinstruction 2 (2)
skew_shipmode l_shipmode 4 (3)

skew_delta_date l_commitdate - l_receiptdate, 9 (8)l_shipdate - l_commitdate

Table 3.2: Padded encodings used in the TPC-H benchmark. The numbers in parentheses
are the code sizes with the simple encoding. With the padded encodings, codes in these
columns need 0 – 5 extra bits to represent the column values, as compared to using the
simple encoding.

Table 3.2 summarizes the padded encodings that we constructed for the TPC-H dataset.
For each encoding, we calculated the distribution of predicate literals across the 22 TPC-H
queries. The columns in the same domain use identical padded encoding, thus codes
in these columns can be compared directly without additional decoding operations. For
example, the “skew_date” encoding shown in Table 3.2 is used to encode all DATE columns.
The predicate literal distribution for this padded encoding is calculated by merging the
distribution of predicate literals on each DATE column. In addition, using the method pre-
sented in Section 3.5.1, we created two “delta columns.” on the expressions l_commitdate
- l_receiptdate and l_shipdate - l_commitdate, as well as the associated padded en-
codings on these “delta columns”. As a baseline method, we use a simple encoding method
to encode column values. More specifically, we use null suppression encoding for integer
and date columns, and the simple dictionary encoding for string columns. The encoding
and loading time for the simple encoding scheme is around 90 minutes. With the AMPE
algorithm, this time increases by only 2 minutes to construct the padded encodings. This
time includes 5 seconds to construct all the encodings that are listed in Table 3.2. Thus, the
extra time in loading the data with the padded encoding scheme is small.
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To mitigate the performance overhead associated with fetching codes from padded
encoded columns in projection and aggregation operations, we use the padded encoded col-
umn as a secondary index only for evaluating scans. In this method, the columns involved
in projections or aggregations are fetched from the associated base column representations
for these attributes. With this method, 0.9GB of extra space is needed to store all the padded
encoding column indices listed in Table 3.2, increasing the size of the underlying database
by 10%. We discuss the alternative method, i.e. using padded encoded columns as base
column representations, at the end of this section.

In the evaluation below, we focus on 14 of the 22 TPC-H queries (Q1, Q3 - Q8, Q10,
Q12, Q14 - Q16, Q19-Q20), as the other 8 queries in the TPC-H benchmark do not involve
the columns listed in Table 3.2. (In other words, the padded encodings have neither a
positive nor a negative effect on the performance of these remaining 8 queries.) Following
previous work [64, 88], we materialize the join component in these queries, and then ran
scan operations on the pre-joined materialized tables so as to stress the scan performance
(the focus of this study). All the 14 queries that we focus on, except for Q19, contain a
predicate clause that is a conjunction of one to five predicates. Q19 has a more complex
predicate clause, which includes a disjunction of three predicate clauses, each of which
is a conjunction of six predicates, some of which are performed on the padded encoded
columns. These queries contain a variety of predicates, including<,>, =,<>, BETWEEN, and
IN. Some queries also involve predicates that perform comparisons between two columns.
For most queries, there are complex aggregation operations following the scan operations.

Figure 3.12a plots the speedup of the padded encoding over the simple encoding with
the 14 queries in the TPC-H benchmark. (The corresponding graph showing the raw
execution time is in Figure 3.12b.) The total execution time of a query includes the time for
the scan phase, and the time on other operations, e.g. aggregations and grouping. As the
encoding methods have an immediate effect on scans but an insignificant effect on other
operations, we show the speedup for scans and other operations in this figure separately.

For scan operations, the speedup of the padded encoding scheme over the simple en-
coding scheme ranges from 0.9X to 3.4X, with a geometric mean (GM) of 1.6X. The speedup
that the padded encodings achieve depends on many query characteristics, including the
number of predicates that involve the padded encoded columns, and the frequency of
the predicate constants used in these queries. Q12, for instance, contains five scan predi-
cates, four of which are performed on padded encoded columns or padded encoded delta
columns. The two predicates on the column l_shipdate always choose the most frequent
literals, i.e. the first of January of each year, as the predicate constants to filter the table.
Consequently, the computation comparing the column codes and the predicate literals can
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Figure 3.12: Performance comparisons between the padded encoding and the simple
encoding with the TPC-H queries.

be safely pruned by only looking at the first 3-4 of the 17 bits. In addition, the use of padded
encoded delta columns speeds up the evaluation of the two predicates that compare two
date columns. Consequently, the padded encoding scheme achieves a 3.4X speedup over
the simple encoding on Q12. In contrast, Q1 randomly selects a day between 30 and 60
days prior to a certain day as the literal for the predicate on the column l_shipdate. As
those dates are rarely chosen by other queries, the padded encodings achieve only 1.1X
speedup over the simple encoding for Q1. Also notice that Q16 shows a 10% degradation
in the scan performance, as the predicate literals in this query are randomly selected from
all possible values in the column p_size.

Taking other operations into consideration, the speedup of the padded encodings over
the simple encoding ranges from 0.98X to 2.3X, with a GM of 1.3X. The speedup reduces
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significantly for many queries, e.g. Q3, Q4, Q10, Q14, and Q15, as the scan phase contributes
a smaller portion to the total execution time for these queries. More specifically, the scan
times for Q3, Q4, Q10, Q14, and Q15 account for 37%, 22%, 12%, 21%, and 8% of the total
execution time, respectively. Figure 3.12b shows the execution time breakdown of the 14
queries in the TPC-H benchmark. The left bar for each query in the figure represents the
execution time of the scans and other operations with the simple encoding scheme, while
the right bar shows the execution time with the padded encoding scheme.

We also evaluated the performance on these queries when the base columns shown
in Table 3.2 are stored using padded encoding. With this method, the execution time of
the scan phase is generally the same as that when using the padded encoded columns as
indices. However, the performance of some aggregation operations that need to access these
(padded encoded) columns slows down. For instance, Q7 uses the column l_shipdate as
a part of the grouping key. With the padded encoding scheme, the size of the codes that
are associated with the column l_shipdate grows from 12 bits to 17 bits, which increases
the time it takes to fetch these column values for the aggregation operation. As a result, the
positive effect of padded encoding on the scan operation (62% faster) is offset by the negative
effect on the aggregation operations (36% slower), resulting in a reduced net improvement
(20%) in the total running time for Q7. Similarly, the performance degradation on Q16
increases from 10% to 25% when using the padded encoded column as the base column
representation. The performance for other queries remains largely unchanged from that
presented above.

3.7 Related work

3.7.1 Encoding techniques in database systems

Encoding techniques have been extensively used for main memory analytical databases
in both the research community [54, 26, 12, 2, 83, 64, 65, 8], and in the industry, e.g. SAP
HANA [27, 96], IBM DB2 BLU [79, 61], Vertica [56]. Most systems listed here use the simple
encoding techniques, e.g. dictionary encoding and null suppression encoding, and do not
take the distribution of data into consideration.

IBM Blink [80] and its commercial successor IBM DB2 BLU [79] employ an encoding
technique called frequency compression or frequency partitioning to exploit column value
skew. Based on the frequency of data, a column is split into multiple partitions, each
of which uses an independent fixed-length encoding. Thus, the partitions containing
frequent column values use shorter codes. Similar to padded encoding, this technique can
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be viewed as a hybrid between the fixed-length encoding and variable-length encoding.
Unlike frequency compression/partitioning, our work is based on a distinct storage format
(vertical bit-packing storage), and exploits skew in the distribution of predicate literals in
addition to the distribution of column values. Furthermore our methods can be used in
addition to their methods to encode each partition (with padding).

Recently, there has been increasing interest in using encoding techniques to speed up
query execution, instead of reducing data space usage, i.e. compression. With the use
of encoding techniques, the reduced code size introduces an opportunity to operate on
multiple small codes in parallel. Many efficient scan methods have been proposed recently
(e.g. [64, 105, 80, 47, 96, 95, 20, 29, 74]) to exploit the parallelism available for small codes.
A recent work also studied joins over encoded data [61]. We leverage these methods in
our work, and note that our work is complementary to this body of work, as we use these
methods to scan the encoded columns.

3.7.2 Skew handling in database systems

Data skew is a well-known phenomenon that has been extensively studied in nearly all
aspects of data processing systems, e.g. query processing [62, 24, 100, 97, 101, 75], in-
dexing [98, 25], query optimization [93, 66], partitioning [73], data skipping [88, 7], and
MapReduce processing [55, 14]. The focus of this work is on exploiting skew in data dis-
tribution to construct efficient skew-aware encodings. Unlike most previous work that
attempted to reduce the performance degradation caused by data skew, we leverage data
skew to speed up query performance.

The padded encoding scheme is also related to the database cracking technique [42, 43,
37], which automatically reorganize data based on incoming queries in column-oriented
database, to speed up query execution.

3.7.3 Optimum binary search tree

Several algorithms have been devised to compute an optimum Binary Search Tree (BST) [34,
49, 39, 32]; this is, to find a binary search tree with the minimum expected search cost
with given frequencies. A key application for this problem is alphabetic encoding [34]:
by assigning 0 to the left branch in the binary tree and 1 for a right branch, we obtain an
alphabetic encoding which has the minimum expected code length amongst all variable-
length encodings that have both the prefix property and the order-preserving property.

Our padded encoding is inspired by alphabetic encoding, as both encodings require
the order-preserving property and the prefix property. However, in contrast to alphabetic



80

encoding, the padded encoding needs a more complicated cost function (as shown in
Section 3.4.2). Thus, existing algorithms for the alphabetic encoding (and optimum BST)
problem can not be used to solve the padded encoding problem.

The first solution to the optimum BST problem was given by Gilbert and Moore [34].
This solution is based on the dynamic-programming technique and has a time complexity
of O(n3). We adapted this algorithm to the padded encoding problem and obtained the
optimal algorithm (see Section 3.4.3). Knuth improved this solution and reduced the time
complexity to O(n2) with the use of the monotonicity property [49]. This property is not
guaranteed to hold for the padded encoding problem, and is used as the first heuristic
in our near-optimal solution. Hu and Tucker [39] found a solution in O(n logn) steps.
This solution was further simplified as the Garsia-Wachs algorithm [32]. However, these
solutions cannot be adapted to the padded encoding problem directly.

3.8 Concluding remarks

Scans are a crucial primitive in real-time analytic data processing systems, and in this
chapter we propose a scheme called padded encoding that leverages skew in the data and
predicate literals to improve the performance of scans. To construct a padded encoding, an
algorithm (called AMPE) was proposed to efficiently build a near-optimal encoding while
reducing the overhead associated with the code size. We have empirically demonstrated
the effectiveness of the padded encoding scheme to speed up scan performance.
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Chapter 4

WideTable: an accelerator for analytical
data processing

There is a unique confluence of technologies with the trend towards read-mostly and
append-only databases (popularized by the MapReduce style of processing), the move
towards main-memory databases (for speed), and the use of column stores (for speed
and flexibility in schema evolution). In this chapter, we design, develop and evaluate a
technique called WideTable that leverages these forces to produce a high-performance
analytical data processing system.

WideTable uses aggressive denormalization to flatten a database schema into one or
more big (wide) tables. Queries on the original database, even complex join queries, now
become simple scans on the WideTables. The use of outer joins during the denormaliza-
tion process is critical to ensure that the WideTable technique produces correct answers.
WideTable uses a columnar storage representation with dictionary encoding to control the
space overhead that is associated with denormalization. It also uses recently-proposed fast
columnar scan techniques that pack multiple codes into a processor word, and evaluate
scans on these “packed codes.”

While the WideTable technique can be used in various settings, in this chapter we focus
on main memory analytical data processing systems. Such main memory settings are
an important part of the analytical space, and there is considerable interest in this area
(e.g. [16, 15, 41, 80, 48, 99, 106, 27, 79]). This interest has been kindled by the observation
that with large main memory configurations, it is often practical to stage at least the most
crucial part of the database in memory. The high performance associated with such main
memory settings is specially appealing as there is an arms race towards near real-time
analytical systems.

We note that WideTable can be used in many different settings, but in this chapter we
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Figure 4.1: Performance comparison with a subset of TPC-H queries.

focus on using it as an front-end accelerator for a traditional data processing platform.
Thus, our goal is to focus on performance when evaluating an important and common class
of queries in WideTable, and queries that cannot be answered by WideTable are processed
in a traditional way.

We have conducted an evaluation of WideTable on the TPC-H benchmark. Figure 4.1
compares the performance of MonetDB, Vectorwise, and our implementation of WideTable.
(Section 4.4 presents additional results.) This figure shows two results for both MonetDB
and Vectorwise. The first uses MonetDB and Vectorwise as is, and the second denormalizes
the TPC-H schema by pre-joining all the tables to form a join table (akin to part of the
WideTable design, but using MonetDB and Vectorwise as is). This latter method aims to
show how a simple materialization approach works compared to the WideTable technique.
As can be seen in this figure, the use of denormalization improves the performance of
queries with MonetDB and Vectorwise by up to 3X in some cases. But, there is a far
larger improvement when using WideTable, as it uses techniques that go beyond simply
pre-joining the underlying tables.

We also note that in Figure 4.1, we only show the results for a small number of TPC-H
queries. The queries that are missing in this figure require techniques to rewrite and
optimize nested queries against a database of materialized pre-joined tables. Part of our
contribution in this chapter is developing these techniques for WideTable.

With the WideTable technique that is proposed in this chapter, we can run 21 of the 22
TPC-H queries. Our evaluation shows that our WideTable implementation outperforms
MonetDB (with or without denormalization) for nearly all of these queries. WideTable
results in over 10X speedup for about half of the 21 queries. Furthermore, the WideTable
technique also shows better scalability when running on a many-core machine.

The remainder of this chapter is organized as follows: Section 4.1 discusses denor-
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malization, and Section 4.2 shows our analysis on space and time costs of the WideTable
technique. Section 4.3 describes the WideTable design. Section 4.4 presents experimen-
tal results. Related work is covered in Section 4.5, and our concluding remarks are in
Section 4.6.

4.1 Revisiting denormalization

In this section, we present the basic idea behind the denormalization method, as well as the
three key techniques that make the denormalization method used in WideTable practical
and efficient, namely: column-stores, dictionary encoding, and packed code scans.

Running Example. Throughout this chapter, we use a running example based on the
sample data warehousing schema shown below. In this example, the primary key fields
are underlined, and the foreign keys are shown in bold. Figure 4.2 shows the example
instances for these tables. In this example, the Buy relation is a “fact” table, and the other
tables are “dimension” tables.

Region(rid, rname)
Nation(nid, nname, rid)
Customer(cid, cname, gender, address, nid)
Product(pid, pname, price, nid)
Buy(cid, pid, amount, status)

4.1.1 Denormalization

Relational databases are often normalized to eliminate various types of anomalies associ-
ated with duplicating information. The basic idea behind the denormalization method is
straightforward: we pre-join all the tables to produce a flat table that retains tuples from
the original tables, as well as the relationships between these tuples. Consequently, join
queries on the original normalized tables now become simple scans on the denormalized
table.

Figure 4.3 shows the denormalized table for the example database shown in Figure 4.2.
In this example, we use outer joins on each pair of primary key and foreign key to create
the denormalized table. Thus, the denormalization tuple retains one copy of each tuple.
For instance, the product “Milk” is not purchased by any customer, but it is still included
in the denormalized table, and the corresponding Customer, and Buy attributes are padded
with NULLs.

As illustrated by the example shown in Figure 4.3, the number of attributes in the denor-
malized table is nearly the sum of the number of attributes in each individual normalized
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table (we drop all foreign key fields to avoid duplicating these keys), whereas the number
of rows in the denormalized table is nearly equal to the number of rows in the largest
original table. In a way, we have produced a wider (fact) table with the denormalization
technique. In this chapter, we use the term “WideTable” to metaphorically describe such a
denormalized table. As we will see below, the use of outer joins is a critical aspect of the
WideTable design.

Queries on the original tables, even complex join queries, now can be executed as simple
scan queries on the WideTable. As an example, consider the following query Q1 that finds
the names of customers who have purchased products from their own nation:

Q1: SELECT cname
FROM Customer, Buy, Product
WHERE Customer.cid = Buy.cid
AND Buy.pid = Product.pid
AND Customer.nid = Product.nid

The execution of this query on the original tables requires two joins across three tables,
but only requires a single scan with a single predicate cnid = pnid on the corresponding
WideTable.

We note that there is a rich legacy of work on denormalization in the area of database
research, including work done in the early days of this field (e.g. [53, 67, 91]), and also
more recent work (e.g. [22, 82, 86]). Several drawbacks of the denormalization method
have been identified and discussed, such as how the duplication of information in the
denormalized table takes extra space, how it makes updates more challenging, and how
the query performance could potentially suffer since the denormalized data is much larger
in size. In this chapter, we argue that many recent technical trends now make it practical to
reconsider the idea of denormalization. We present these (three) key techniques below,
and empirically evaluate these techniques in Section 4.4.1.3.

4.1.2 Columnar storage

Denormalizing a database might slow down query processing in traditional row-oriented
database systems, even for the simplest queries. Although denormalization might simplify
query processing by converting join operations into (potentially faster) scan operations,
it can slow down the access to each individual tuple. This is because a tuple in the de-
normalized table is generally much larger than the tuple(s) in the original normalized
tables, as there are more attributes in the denormalized table, and large fields/attributes
(e.g. strings) might be added to the denormalized table. Consequently, when tuples in the
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denormalized format are brought into the processor during query processing, considerable
(memory and/or IO) bus bandwidth is wasted in fetching attributes that are not needed for
query processing. In other words, in a row-oriented storage format, adding more columns
into the table (i.e. denormalizing tables) generally hurts the performance of queries that
only access a few columns in the database (which is the common case).

There has been significant interest in column-oriented databases in both the research
community (e.g. [2, 87, 16]) and in the commercial products (e.g. [30, 57, 106]). We observe
that storing data in columns is well-suited to the WideTable design, because column-
oriented databases only access the values of the columns that are required for processing a
given query, (largely) regardless of how many columns there are in the underlying table.
Consequently, adding more attributes or columns (when using denormalization) is nearly
“cost-free” in terms of the query processing cost.

4.1.3 Dictionary encoding

Denormalization methods generally store additional redundant information that consumes
extra space, and slows down query processing as more data has to be moved through the
memory and/or IO buses. In contrast, in a normalized database, each data item is stored
in only one location.

For example, in Figure 4.2, each address for each customer is stored only once in the
normalized representation, whereas in the denormalized representation (Figure 4.3), this
address information is often duplicated. Imagine that each customer purchases a large
number of products, and the address field is a wide string, e.g. a CHAR(100) data type,
then the space associated with storing this attribute can cause a large increase in the space
that is needed to store the denormalized table.

WideTable uses dictionary encoding to address this limitation. Dictionary encoding [20,
94] is a popular method to compress databases, even in main memory settings [80, 27, 54, 18].
The padded encoding techqniue presented in Chapter 3 is also a dictionary-based encoding
scheme. Dictionary encoding builds a dictionary on all the distinct values in the column,
and maps each native column value to a code. In this chapter, we use the term “code” to
mean an encoded column value. The data for a column is represented using these codes,
and these codes only use as many bits as are needed for the fixed-length encoding.

Figure 4.4 demonstrates the dictionary-encoded denormalized table with the dictio-
naries on each string or numeric attribute (we omit showing the dictionaries for integer
attributes). Each dictionary that is built on the dimension attributes contains up to three
values, which is equal to the number of tuples in the dimension tables Customer, Buy, and
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Nation.
We observe that the dictionary encoding technique is well-suited to the idea of denor-

malization. Essentially, the dictionaries play a similar role as the dimension table in a
normalized database – i.e. it reduces the amount of redundant data. More interestingly, the
number of entries in each dictionary is bounded by the cardinality of the corresponding
(dimension) table, because the number of distinct values for an attribute is less than or
equal to the number of tuples in the (dimension) table.

4.1.4 Packed code scan

There has been a recent flurry of activity/interest in efficient scan primitives for main
memory analytic database systems, where the data is often stored in compressed form using
dictionary encoding or other encoding schemes. Many recent scan methods exploit the
parallelism that is available at the processor word level, such as the BitWeaving technique
presented in Chapter 2 and [80, 105, 47, 96, 95, 29]. In this chapter, we call these methods
packed code scans, as they pack multiple codes into a processor word, and evaluate scans on
these “packed codes”. In these methods, the scan evaluation is carried out by computing
the scan predicates on all the codes in the packed processor word in parallel.

For example, the query Q1 (cf. Section 4.1.1) can be executed with a single predicate
cnid = pnid on the denormalized table. If, as in this example, the attributes cnid and pnid
have only three distinct values (see Figure 4.4), then we can encode each attribute using
only 2 bits of space. If the processor word is 64-bits, then there is a 32-way parallelism at
the processor word level when performing packed code scans on these columns’ attributes.

WideTable is particularly well suited to leverage packed code scans, as WideTable con-
verts complex queries into scan queries. Since denormalization may introduce redundancy,
WideTable may require scanning columns over underlying tables that contain more tuples
(especially the columns in the dimension table). Thus, efficient packed scan methods are
critical for WideTable.

4.2 Cost analysis

In this section, we analytically evaluate the normalized method and the denormalized
method, in terms of the space costs (Section 4.2.1) and the time costs (Section 4.2.2). In this
section, we use the term “denormalized method” to mean a method that we pre-join all
normalized tables to produce a denormalized table that is stored in a column-oriented
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format, and use dictionary-based encoding methods to compress the denormalized table
(see Section 4.1 for more details).

In the interest of simplicity, and without loss of generality, we assume that the database
contains two tables, a fact table R and a dimension table S. Our analysis can be generalized
to a complex schema graph where more joins are needed to denormalize the database.

We use R.ri (S.si) to denote the i-th attribute in table the R (S). The notation r̄ and s̄ is
used to represent the number of attributes in R and S, respectively.

The denormalized table T contains columns from the fact table, which we call fact
columns (denoted as T .ri), as well as the columns from the dimension table, which we call
dimension columns (and denote them as T .si).

We use the notation ‖X‖, and |X| to represent the cardinality, and the size of X in terms
of the number of bits, respectively.

We assume that all tables are stored in a column-oriented storage format. We also
assume that the denormalized table T is produced by performing a primary-key foreign-
key join between the tables R and S. Thus, the cardinality of the denormalized table T is
equal to that of the fact table R, i.e. ‖T‖ = ‖R‖. (This equi-join assumption can be relaxed
using the considerations discussed at the end of Section 4.2.1.) Finally, without loss of
generality, we assume that only one denormalized table is produced with this schema
graph (which only has two tables R and S).

The notations used in this section are summarized in Table 4.1.

Notations Description
‖R‖ The number of rows in the fact table.
‖S‖ The number of rows in the dimension table.
‖R ./ S‖ The number of rows in the join results on R and S.

r̄ The number of attributes in the fact table.
s̄ The number of attributes in the dimension table.
AR The number of fact columns of interest in the

selection clause.
AS The number of dimension columns of interest in

the selection clause.
FR selectivity on fact columns.
FS selectivity on dimension columns.

Cscan the cost of scanning a single column value.
Cjoin the cost of joining a row.

Table 4.1: Summary of notations used in Chapter 4.
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Figure 4.5: Comparisons between the normalized and denormalized methods.

4.2.1 Space cost analysis

In this section, we analyze the additional space that is needed by the denormalized method.
Recall that the denormalized table T can be thought of as a “wider” R table, with additional
attributes for S that are encoded using the dictionaries, Di.

Figure 4.5 demonstrates the two methods. We analyze the size of the components that
differ in the normalized and the denormalized schemes. These components are related
to the representation of the data in the dimension table, and the relationships between
the dimension table and the fact table (the dashed boxes with the labels “Comparison
on component 1” and “Comparison on component 2” in Figure 4.5). As can be seen in
Figure 4.5, the normalized method stores a separate dimension table S and a foreign key
column in the fact table, denoted as R.f, to refer to the primary key in the dimension table S.
In contrast, the denormalized method adds dimension columns T .si to the denormalized
table T , along with a set of dictionariesDi to encode the values in these columns. A column
in the fact table, R.ri, except for the foreign key column R.f, is identical to the fact column
T .ri in the denormalized table T , and therefore is not taken into consideration in our space
cost analysis. In the analysis below, we separately compare the size of the dimension table
S to the total size of dictionaries (the dashed box with the label “Comparison on component
1” in Figure 4.5), and then compare the size of the foreign key column R.f to the total
size of the dimension columns in the denormalized table (the dashed box with the label
“Comparison on component 2” in Figure 4.5).



91

First, we show that the total size of the dictionaries,
∑s̄

i=1 |Di|, is never more than 2X
larger than the dimension table size, |S|, i.e.

s̄∑
i=1

|Di| 6 2 · |S|. (4.1)

Proof. Suppose that the size of each value in attribute S.si iswi (in terms of the number
of bits), then the size of the dimension table can be represented by |S| = ‖S‖ ·

∑s̄
i=1wi.

Each dictionary Di contains two fields, an attribute value and a code. Since these codes
only use as many bits as are needed for the fixed-length encoding, the size of a code
is log ‖Di‖ bits. As a result, the size of the dictionary Di can be represented as |Di| =

‖Di‖ · (wi + log ‖Di‖). Then, we show that wi > log ‖Di‖, because each value in attribute
S.si has ‖Di‖ distinct values, and needs at least log ‖Di‖ bits to represent each distinct
value. Thus, we have |Di| 6 2 · ‖Di‖ ·wi. We also know that ‖Di‖ 6 ‖S‖, because there
are up to ‖S‖ distinct values in any attribute in the dimension table S. Finally, we have:∑s̄

i=1 |Di| 6
∑s̄

i=1(2 · ‖Di‖ ·wi) 6
∑s̄

i=1(2 · ‖S‖ ·wi) = 2 · ‖S‖ ·
∑s̄

i=1wi = 2 · |S|.

Next, we show that the total size of the dimension columns in the denormalized table,∑
|T .si|, is never more than s̄ times larger than the size of the foreign key column in the

fact table, |R.f|, where s̄ denotes the number of attributes in the dimension table S.

s̄∑
i=1

|T .si| 6 s̄ · |R.f|. (4.2)

Proof. Given the dictionary Di on the dimension column T .si, we know that the
size of a code in T .si is log ‖Di‖ bits. Thus, the total size of the dimension columns,∑s̄

i=1 |T .si| = ‖T‖·
∑s̄

i=1 log ‖Di‖. We see that the size of a foreign key is certainly larger than
log ‖S‖ bits, because there are ‖S‖ tuples in the dimension table. Therefore, we have a bound
on the size of the foreign key column in the fact table: |R.f| > ‖R‖ · log ‖S‖. We also know
that ‖Di‖ 6 ‖S‖, because there are up to ‖S‖ distinct values in the attribute S.si. Finally, we
have

∑s̄
i=1 |T .si| = ‖T‖ ·

∑s̄
i=1 log ‖Di‖ = ‖R‖ ·

∑s̄
i=1 log ‖Di‖ 6 ‖R‖ · s̄ · log ‖S‖ 6 s̄ · |R.f|.

Combining Equation 4.1 and Equation 4.2, we have:

s̄∑
i=1

(|T .si|+ |Di|) 6 max(2, s̄) · (|S|+ |R.f|). (4.3)

Equation 4.3 shows a theoretical upper bound on how the denormalized method might
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take extra space to store the information in the dimension table. This is a key improvement
over the standard denormalized method without dictionary encoding, as otherwise the
space overhead associated with denormalization could be overwhelming (cf. Section 4.1.3).
We also note that in practice, the extra space that is needed by the denormalized method is
often only a small portion of the total size of a database, far smaller than the upper bound
shown in the equation above. We show these empirical results in Section 4.4.

4.2.2 Time cost analysis for a Select-Project-Join query

In this section we develop a simple model to compare the cost of a simple Select-Project-
Join (SPJ) query, as that template is fairly common in analytical settings. (We note that the
model that is presented here can be generalized to other types of queries and more complex
schema graphs, and that analysis is dependent on the properties of the underlying schema
graph and the join graph. The analysis here is meant to simply develop an intuition for
the simple schema graph that we consider, and bring out the factors that affect the query
performance.)

To evaluate an SPJ query on the normalized database, we first perform scans on both
the fact table and the dimension table, applying the selection on columns of interest in the
selection clause. Then, assuming that a hash join algorithm is used, a hash table is built
on the small table (dimension table), and this table is probed using the scanned fact table
tuples.

We use the terms FR and FS to denote the selectivity of the predicates on the tables R
and S, respectively. We use AR and AS to represent the number of columns of interest
in this query in the tables R and S, respectively. Let Cjoin and Cscan denote the cost of
processing a single tuple with a join, and a scan, respectively. In the interest of simplicity,
we ignore the cost of materializing result tuples, as the selectivity of selection predicates is
often low and the cost of materializing result tuples is often a small portion of the total
cost.

Equation 4.4 shows the cost of evaluating an SPJ query on a normalized database. There
are four terms in the equation. The first and second terms refer to the cost of performing
scans on the columns of the fact table and the dimension table, respectively. The third
term represents the cost of building a hash table on the selected dimension tuples. (In the
interest of simplicity, we also use the notation Cjoin to represent the cost of inserting a key
into the hash table when building the hash table.) Finally, the last term shows the cost of
probing the hash table.

‖R‖ ·AR · Cscan + ‖S‖ ·AS · Cscan + ‖S‖ · FS · Cjoin + ‖R‖ · FR · Cjoin (4.4)
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Equation 4.5 shows the cost of evaluating an SPJ query on a denormalized database. To
evaluate an SPJ query on the denormalized database, we simply scan all the columns of
interest. Thus, the cost is the sum of the scanning costs for both the fact and the dimension
tables.

‖T‖ ·AR · Cscan + ‖T‖ ·AS · Cscan (4.5)

Note, here we assume that the number of rows in the join results is exactly the same as
the number of rows in the larger table, i.e. ‖T‖ = ‖R‖. (This assumption can be relaxed
using the same considerations discussed at the end of Section 4.2.1.) Thus, we can rewrite
Equation 4.5 as:

‖R‖ ·AR · Cscan + ‖R‖ ·AS · Cscan (4.6)

Now, let us compare the cost of both methods. We first assume that the dimension
table is much smaller than the fact table, i.e. ‖R‖ � ‖S‖. Then, we can remove the terms in
Equation 4.4 that are associated with the dimension table. Now, let us examine when the
denormalized method is faster than the normalized method:

Equation 4.4 > Equation 4.6

⇒‖R‖ ·AR · Cscan + ‖R‖ · FR · Cjoin

> ‖R‖ ·AR · Cscan + ‖R‖ ·AS · Cscan

⇒FR > AS ·
Cscan

Cjoin

(4.7)

The equation above shows that the denormalized method is faster than the normalized
method when the selectivity on the fact table side is greater thanAS ·Cscan

Cjoin
. Interestingly, the

ratio between the scan cost and the join cost, i.e. Cscan

Cjoin
, is critical for the relative performance

between these two methods, and thus the trend towards faster packed code scan methods
works in favor of the denormalized design.

Previous studies [13] show that the value of Cjoin for an efficient join implementation
is about 50 cycles/tuple. This number is obtained on a join with a dimension table that
contains 16 million tuples, and could even increase when the dimension table is larger
or is highly skewed. On the other hand, as we shown in Chapter 2, the BitWeaving scan
method reduces the value of Cscan from 10 cycles/tuple to about 1 cycle/tuple for large
codes or even below 0.5 cycles/tuple for small codes. Furthermore, with the use of padded
encoding scheme presented in Chapter 3, the values of Cscan can be further reduced to
0.2 cycles/tuple for highly skewed datasets. In sum, the use of the BitWeaving method
and the padded encoding scheme reduces the threshold on FR from 0.2 ·AS to even below
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0.01 ·AS, and significantly expands the “sweet spot” of the denormalized method.

4.3 WideTable

WideTable uses the four techniques described above in Section 4.1 using the relationships
shown in Figure 4.6. Each arrow in the figure represents a dependency relationship between
the techniques. As shown in the figure, to avoid the pitfalls associated with denormalization,
we exploit columnar storage to only fetch the columns that are of interest to the query.
In addition, the use of dictionary encoding bounds the additional space overhead that is
associated with the WideTable design. Finally, using efficient packed code scans improves
the speed of the key access method that is used to answer queries on WideTables.

Denormalization

Columnar storage Dictionary encoding Packed code scan

Figure 4.6: Relationships between the techniques used in WideTable.

4.3.1 System architecture

Figure 4.7 shows a representative architecture of how the WideTable technique can be used
in a data processing ecosystem. (Note there are other ways to embed WideTable in data
processing pipelines, and here we show the approach that we evaluate in this chapter.)

The WideTable component is a module in a larger computational pipeline for the data
warehouse. Data from external sources are extracted, transformed, and loaded (using ETL
gateways) into the archival data store, which can use a standard scale-out data platform
(e.g. Hadoop or sharded MySQL) to store the data. The data is cooked (prepared) in the
WideTable Baking module to feed into the main WideTable module.

Inside the WideTable component, the denormalizer is responsible for issuing commands
to the WideTable Baking component to produce a set of WideTables based on the database
schema (cf. Section 4.3.2). The user can also provide hints to denormalize additional
WideTables to enhance performance for certain classes of queries (we hope to automate this
part in the future). The denormalized table generated by the WideTable Baking component
is fed into the loader, which parses the input data, and invokes the encoder to convert all
native values into codes. These codes are stored in a columnar WideTable format in a main
memory storage manager.
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Figure 4.7: WideTable in a Data Processing Framework.

On the query processing side, the query translator takes as input user queries, and first
checks whether the query can be evaluated with one of the materialized WideTable(s)
(cf. Section 4.3.3). If so, then the query translator generates an actual scan-based query
plan to execute this query against the selected WideTable. If not, then the query is sent
to the archival system, which runs that query and sends the results to the user. Note in
this architecture, WideTable is simply used as a potential accelerator to the archival system.
Thus, a primary goal of this chapter is to increase the functionality of WideTable to answer
as large a class of queries as it can. (As part of future work, we plan to “expand” the
footprint of WideTable.)

Notice that the query optimizer here is simpler than an optimizer in a standard DBMS,
because no join is performed inside the WideTable system. The query optimizer selects an
order of scans on a set of columns based on many factors, e.g. the widths of these columns
(in terms of the number of bits), the types of predicates, the estimated selectivities, etc. Our
current optimizer is fairly simple and simply selects the order based on the widths of the
columns. Then, the query executor (cf. Section 4.3.4) evaluates the query using a sequence
of WideTable operations, that include scans, group-by operations and aggregations. The
decoder is invoked to convert the code back to native column values when an arithmetic
operation is needed, or when the results are returned to the users.

4.3.2 Denormalizing databases

The denormalizer component generates a set of WideTables, called the Set of Materialized
WideTables (SMW), which includes the WideTables that are automatically produced by
the denormalizer based on the database schema, as well as WideTables that are explicitly
requested by the users to enhance the performance of certain classes of queries.
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(a) Schema Graph

Buy
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Product Nation
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Region

(b) Schema Tree

Figure 4.8: Schema graph and schema tree for the example database.

The WideTable denormalizer converts the input database schema into a directed acyclic
graph (DAG), called the schema graph, with a vertex for each table and a directed edge from
the vertex u to a vertex v for each foreign key in table u that points to a primary key in
table v1. As an example, Figure 4.8a shows the schema graph for the example database
(Figure 4.2).

We note that although circular reference of foreign keys is possible in a database schema,
it is not common, and in this section we assume that the schema graph is a DAG. Ap-
pendix A.4 covers how we handle schema graphs with cycles.

Next, the WideTable denormalizer transforms each component of the schema graph into
a hierarchical tree representation, which we call the schema tree. For each component in the
schema graph, we continue to split vertices of indegree more than one, until all the vertices
have at most one incoming edge. To split a vertex v of indegree k (k > 1), we replace v
by k vertices v1 ∼ vk. The i-th (1 6 i 6 k) incoming edge (ui, v) of v is replaced by an
edge (ui, vi). Finally, each outgoing edge (v,w) of v is replaced by k edges (v1,w) ∼ (vk,w).
Figure 4.8b shows the schema tree for the example schema graph. The Nation and Region
vertices in the schema graph are split in turn to produce the schema tree.

In the description below, we use T(u) to denote the associated table of vertex u in
a schema tree. For instance, if s denotes the source vertex of the example schema tree
(Figure 4.8b), then T(s) represents the Buy table. In addition, for a table R, we use R.p and
R.f(S) to denote the primary key and the foreign key referencing the table S, respectively.

The SMW contains the WideTables that are automatically constructed by the denormal-
izer based on the schema tree(s). To automatically materialize a WideTable, the system
performs joins on all nodes/tables in the associated schema tree, using a post-order depth-
first traversal algorithm. For each node v that we traverse, if there is an incoming edge
(u, v) in the schema tree, we perform a join between T(u) and T(v).

Rather than regular joins, WideTable actually uses outer joins on each pair of primary
key and foreign key to produce the denormalized tables. Formally, for each directed edge

1For the sake of simplicity, in this discussion, we assume that a primary key or a foreign key is a
single attribute.
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(u, v) in the schema tree, we perform T(v) on T(u), where the operator on represents a full
outer join2. With these outer joins, a WideTable retains each tuple in the original normalized
tables, even if there are no matching tuple on the “other side” of the join. For instance, even
though the product “Milk” is not purchased by any customer, it is included in the BuyWT
WideTable, and missing attributes are marked as NULLs. These NULL-padded tuples are
required to answer queries that contain nested subquery blocks, or to answer queries on
the table that has been embedded into a WideTable (a more detailed discussion follows in
Sections 4.3.3.2 and 4.3.3.3).

For the example database, there is only one connected component in the schema graph,
and thus the SMW is the singleton set {BuyWT}, where BuyWT refers to the WideTable built on
the original Buy table and is the result of the expression (Region on Nation on Customer) on
(Regionon Nationon Producton Buy). Note that the Nation and the Region tables are joined
twice to produce this WideTable.

Once the denormalization on all the sources is complete, each table in the original
database has been denormalized into at least one WideTable, since each vertex in the
schema graph is either reachable from a source, or is a source itself.

Some queries may run faster on smaller WideTables (as discussed below in Section 4.3.3.3),
and users can make explicit requests to create additional WideTables (we plan to automate
this part in the future). Note that dictionaries can be shared by all the WideTables on the
same columns, thus adding a new WideTable does not necessarily result in creating new
dictionaries.

For example, a user can explicitly request creating a WideTable on the Customer table
in the example database. Figure 4.9 shows the corresponding CustomerWT WideTable that
is constructed by the expression Region on Nation on Customer. The dictionaries for this
WideTable are shared with the BuyWT WideTable, and is not shown in this figure.

With this new WideTable, the SMW for the example database is {BuyWT, CustomerWT},
and we use this SMW instance in the examples below.

cid cname gender address cnid cnname cnrid cnrname
1 0 1 0 1 2 1 0
2 2 0 1 2 0 1 0
3 1 1 2 1 2 1 0
1 0 1 0 1 2 1 0
2 2 0 1 2 0 1 0

Figure 4.9: WideTable CustomerWT (Dictionaries are in Figure 4.4).

2In practice, we can use a left/right outer join for certain vertices/nodes, due to the foreign key constraint.
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Algorithm 7 Translating an RA expression for single block queries
Input: q ′: a relational algebra (RA) expression
Output: q: a equivalent RA expression on a WideTable

1: q := q ′

2: Construct query graph G for q
3: Remove certain FKJ conditions in G and q
4: if G is not connected then
5: return NULL
6: Replace all semi joins by inner joins in q
7: Push inner joins ahead of selections and projections in q
8: Select the smallest WideTableW that covers G
9: Replace the permutation of all inner joins byW in q

10: Remove unnecessary selection conditions in q
11: return q.

4.3.3 Query translation

WideTable evaluates queries posed by the users on the denormalized tables by translating
the queries into a relational algebraic (RA) expression on an appropriate WideTable in the
SMW. The query translator module is responsible for parsing the input SQL query and
generating an equivalent RA expression.

The operators of the relational algebra include selection (σ), projection (π), set union
(∪), set difference (−), inner join (on), semi join (n), (full) outer join (on), and aggregation
(γ).

4.3.3.1 Single block queries

A single block (i.e. with no nested subquery blocks) query is often expressed as a Select-
Project-Join (SPJ) query. A representative SPJ query performs scans, followed by joins on
multiple tables, followed by a group operation, and finally some aggregate operations.

WideTable supports two variants of joins: regular (inner) joins (on) and semi joins (n).
Semi joins are not common in single block queries, but may arise when WideTable flattens
nested queries as we will present in Section 4.3.3.2.

WideTable first converts the input SQL query to an RA expression on the original tables
using traditional methods [84]. This RA expression is then transformed into an equivalent
RA expression on a WideTable using Algorithm 7, as discussed below.

We define a condition of the form R.f(S) = S.p in the RA expression of a query to be
a Foreign Key Join (FKJ) condition if the attribute R.f(S) is a foreign key that references the
primary key attribute S.p in table S. Note that FKJ conditions can explicitly appear in
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selection or join conditions, or be implicitly derived by common attribute names in natural
joins.

Given an RA expression q, we convert q into a graph, called the query graph, with a
vertex for each table variable that appears in the query, and an edge from vertex u to vertex
v if there is a FKJ condition between the foreign key table T(u) and the primary key table
T(v). If a table is involved with k variables in the query, we add k vertices associated with
this table in the query graph.

If two directed edges (u1, v) and (u2, v) enter the same vertex v in the query graph, then
there must exist two FKJ conditions T(u1).f(T(v)) = T(v).p and T(u2).f(T(v)) = T(v).p.
In this case, we arbitrarily replace one of the two FKJ conditions by a non-FKJ condition
T(u1).f(T(v)) = T(u2).f(T(v)), and remove the corresponding edge in the query graph.
This step does not change the semantics of the query, but reduces the indegree of the vertex
that has more than one incoming edge. By successively applying this step, we guarantee
that each vertex in the query graph has at most one incoming edge.

The query can be evaluated with the WideTables in the SMW iff the query graph is connected. If
the query graph is disconnected, then certain join components have not been materialized
in any WideTables in the SMW, and that query must be sent to the archival data processing
system for evaluation. In this chapter, we focus on evaluating queries that are fully covered
by WideTable. Part of future work is to develop techniques that allow processing a part
of a query using WideTable, and then evaluating the rest of the query in the underlying
archival system.

Now, the query graph is connected and has no vertex of indegree more than one, and
therefore can be represented as a tree. The remaining steps for transforming q into an
equivalent RA expression on a WideTable are as follows.

First, we replace semi join operations (n) in q by inner join operations (on) with a
sequence of equivalent transformations. For each semi join R n S in q, we replace it by
πR.∗(R on S), applying the relational equivalence E1 shown below. (Note R.∗ denotes all
the attributes in R). This step essentially adds a projection operation for each semi join
operation to eliminate duplicate values.

Rn S ≡ πR.∗(R on S) (E1)

Second, we push all the inner join operations ahead of all the selection and the projection
operations, as we can commute an inner join operation with selection and projection
operations.

Next, we pick the smallest (in terms of cardinality) WideTable in the SMW that “covers”
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the query. A query is “covered” by a WideTable iff its query graph is a subgraph of the
associated schema tree of this WideTable. Then, we replace the inner join operations in q
by outer join operations (on). For the permutation of all the inner joins R on . . . on S in q, we
replace it by σR.p6=NULL∧...∧S.p6=NULL(R on . . . on S), applying the relational equivalence E2.
The selection operation that is introduced filters out tuples that occur because of the outer
joins, e.g. the “milk” row in the denormalized table shown in Figure 4.3. Then, we replace
the permutation of all the outer join operations in q by the selected WideTable. (For
simplicity, we assume that the source of the selected schema tree is included in the query
graph. We relax this assumption in Section 4.3.3.3).

R on ... on S ≡ σR.p6=NULL∧...∧S.p6=NULL(R on ... on S) (E2)

Finally, we optimize the transformed RA expression q by removing unnecessary se-
lection conditions. A selection condition in the form of R.p 6= NULL (introduced by E2)
can be removed from q, if the R attributes in the WideTable does not contain NULLs that
are introduced by outer joins in the results of q. The algorithm to remove unnecessary
selection conditions is as follows: for the source s in the query graph, if there exists no
non-FKJ predicate on T(s), and s is not the lowest common ancestor of all vertices whose
associated tables are involved in non-FKJ predicates, then we keep a condition of the form
T(s).p 6= NULL; otherwise, all conditions of the form R.p 6= NULL are removed from q.

Example. Consider the query Q2 below. The RA expression for this query is shown as
q ′2.

Q2: SELECT DISTINCT cname
FROM Customer C, Buy B, Product P

Nation N1, Nation N2, Region R
WHERE C.cid = B.cid AND B.pid = P.pid
AND C.nid = N1.nid AND N1.rid = R.rid
AND P.nid = N2.nid AND N2.rid = R.rid
AND N1.nname 6= N2.nname
AND C.gender = ’M’
AND R.rname = ’America’
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q ′2 :πcname(σN1.nname 6=N2.nname((σrname= ′America ′(R)

on N1 on σgender= ′M ′(C) on B) on (P on N2)))

q ′′2 :πcname(σN1.nname 6=N2.nname∧rname= ′America ′

∧gender= ′M ′∧N1.rid=N2.rid(R on N1 on C on B on P on N2))

The query graph for Q2 is shown in Figure 4.10. The edge from the N1 vertex to the
Region vertex (marked as a dashed arc) is removed as there is another edge entering the
Region vertex, and a new condition N1.rid = N2.rid is therefore added. The selection
conditions Customer. gender = ’M’ and cnrname = ’America’, as well as the join condi-
tions N1. nname 6= N2.nname and N1.rid = N2.rid are non-FKJ conditions. We push the
selection with these conditions after all the join operations, as shown in q ′′2 . To run Q2 on
the example database, we select the BuyWT WideTable, since the schema tree of CustomerWT
WideTable does not cover the query graph of Q2. Then, we replace the permutation of joins
in q ′′2 by the BuyWT WideTable (by applying E2). Since all vertices, whose associated tables
are involved in these non-FKJ conditions (shaded in gray in Figure 4.10), are only reachable
from the source, we remove all selection conditions in the form of R.p 6= NULL that are
introduced when converting the inner joins to outer joins (E2). The final transformed RA
expression is shown as q2.

q2 :πcname(σcnrid=pnrid∧cnname 6=pnname

∧gender= ′M ′∧cnrname= ′America ′(BuyWT))

Buy
N1Customer

Product

 

Region

N2

Figure 4.10: Query graph for the example query Q2. The table variables involved in non-FKJ
predicates are shaded in gray.

4.3.3.2 Nested queries

Nested queries are fairly common in analytical data warehousing environments, and often
contain keywords such as IN, EXISTS, or set-comparison operators. In this section, we focus
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on correlated nested queries, i.e. queries whose inner blocks involve variables that are
defined in the outer block (otherwise, a nested query can be simply split into multiple
single-block queries, each of which can be separately evaluated using the method present
in Section 4.3.3.1).

Nested queries are generally flattened using techniques such as [23, 31, 85]. Amongst
these, Dayal’s methods [23] are well-suited for WideTable as they use generalized outer
joins.

In order to rewrite a nested query for WideTables, we first flatten the query with Dayal’s
methods, producing a set of equivalent RA expressions for the nested query. In the interest
of space, we omit restating Dayal’s methods here, as we use it exactly as was proposed
in [23], and it behaves like a black box to transform/flatten queries. Then, we enumerate
all the produced (flattened) RA expressions, and find the one that can be transformed into
an equivalent RA expression on an appropriate WideTable. If such an (RA) expression
does not exist, then the query must be sent to the archival data processing system (see
Figure 4.7).

With Dayal’s method, the nested predicates and correlated predicates in the original
query are removed and translated into three variants of joins: inner joins (on), semi joins
(n), and asymmetric outer joins (on). In this chapter, we focus on nested queries that
can be converted into a RA expression with inner and semi joins after applying Dayal’s
methods. To translate such a RA expression, we use the method for single block queries
(cf. Section 4.3.3.1). Outer joins are necessary for certain nested queries (with the COUNT
aggregation function in inner blocks or with the NOT EXISTS quantifier). Our method can
also be extended to support outer joins, as the denormalized WideTables are produced by
outer joins.

However, before we feed each of the produced RA expression q into the method for
single block queries, we need to push all join operations ahead of all the aggregation
operations. To delay processing an aggregation operation (γ) to after an inner join operation
(on), we add to the grouping attributes all the attributes of the table being joined to, as shown
by the relational equivalence E3. In practice, only the primary key and the attributes that
are referenced in the subsequent operators need to be added into the grouping attributes of
the aggregation operation. Semi joins are first converted to inner joins by using relational
equivalence E1.

γ...(R) on S ≡ γ...,S.∗(R on S) (E3)

Example. As an example of this approach, consider query Q3. This query finds the
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names of the nations that produce products, except for coffee, that are available in quantities
that are greater than the amount of this product that has been successfully purchased by
male customers. This query has two levels of nested subqueries, the first subquery is nested
under the IN keyword, and the second subquery is nested under the arithmetic operator >.

Q3: SELECT DISTINCT Nation.nname
FROM Nation N
WHERE N.nid IN (

SELECT P.nid FROM Product P
WHERE P.name 6= ’Coffee’
AND P.quantity > (

SELECT SUM(amount)
FROM Buy B, Customer C
WHERE B.pid = P.pid AND B.cid = C.cid

AND B.status = ’S’ AND C.gender = ’M’))

Applying Dayal’s methods on Q3 produces q ′3 and a set of other RA expressions. We
first push the semi join in q ′3 ahead of the aggregation, transforming q ′3 to q ′′3 . Then, we
use the method for single block queries to translate q ′′3 . The query graph of q ′′3 (shown in
Figure 4.11) is a subgraph of the associated schema tree of BuyWT. Thus, we select BuyWT
as the base table to transform q ′′3 . To convert the two inner joins in q ′′3 to outer joins, we
add two new selection conditions pid 6= NULL and cid 6= NULL. Both conditions are then
removed because there exists a non-FKJ condition (status=’S’) on the Buy table. After
walking through all the steps to rewrite q ′′3 , the transformed RA expression is shown as q3.

q ′3: πnname(Nn σquantity>Sum(γpid,quantity,Sum(amount)(
σpname 6= ′Coffee ′(P) on σstatus= ′S ′(B) on σgender= ′M ′(C))))

q ′′3 : πnname(σquantity>Sum(γpid,quantity,nname,Sum(amount)(
N on (σpname 6= ′Coffee ′(P) on σstatus= ′S ′(B) on σgender= ′M ′(C)))))

q ′′′3 : πpnname(σquantity>Sum(γpid,quantity,pnname,Sum(amount)(
σpname 6= ′Coffee ′∧status= ′S ′∧gender= ′M ′(N on P on B on C))))

q3: πpnname(σquantity>Sum(γpid,quantity,pnname,Sum(amount)(
σpname 6= ′Coffee ′∧status= ′S ′∧gender= ′M ′(BuyWT))))
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Figure 4.11: Query graph for the example query Q3.

4.3.3.3 Child table queries

If the query graph of a query does not include the root node of the schema tree of the
selected WideTable, then this query is called a child table query. The key problem with
evaluating a child table query on a WideTable is that each tuple of the child table may
appear more than once in the WideTable, which may produce incorrect query results. We
fix this problem by adding a projection operator in the RA expression to eliminate duplicate
tuples.

Translating a child table query follows the method for single table queries with addi-
tional handling for the “child table”. Given a child table query, we use the method for single
block queries (Section 4.3.3.1) to generate an RA expression q. Let q ′ be a subexpression in
q that corresponds to the selection operators on the chosen WideTable. Then, we replace q ′

by πT(u).p,...(q
′) in q, where u denote the source of the query graph of q, and the triple-dot

punctuation represents a list of attributes that are referenced in the scope of q, but outside
the scope of q ′.

The correctness of this algorithm can be demonstrated with the relational equiva-
lences E4 and E5. Let s be the source of the selected schema tree, and u be the vertex in
the schema tree that corresponds to the source of the query graph. Then, we can replace
T(u) by πT(u).∗(T(u) on . . . on T(s)) in q, by continuously applying E4 and E5 to include all
ancestors of u into q. Thus, we transform the child table query into a regular single block
query.

R ≡ πR.∗(R on S) (E4)

πa1(R) ≡ πa1(. . . (πan
(R))) , where a1 ⊆ . . . ⊆ an (E5)

Example. The example query Q4 computes the count of products that are available in a
quantity greater than 3, for each nation. Notice that of the two WideTables in the SMW (i.e.
BuyWT and CustomerWT), only the BuyWT WideTable “covers” the query graph of this query,
and thus can be used to answer this query. Since the table Buy is not involved in this query,
Q4 is treated as a child table query. By applying the method for translating single block
queries, Q4 is rewritten as an intermediate RA expression q ′4 (note that q ′4 is not equivalent
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to the original query Q4), which is then further transformed to an RA expression q4.

Q4: SELECT N.nname, COUNT(*)
FROM Product P, Nation N
WHERE P.nid = N.nid AND P.quantity > 3.00
GROUP BY N.nname

q ′4 : γpnname,Count(∗)(σquantity>3.00(BuyWT))

q4 : γpnname,Count(∗)(πpid,pnname(σquantity>3.00(BuyWT)))

The use of outer joins is critical to obtain correct query results for child table queries.
The relational equivalence E4 does not hold if we replace on by on. In the case of query Q4,
the tuple “Milk” in the original Product table has a value of 10.00 for the attribute quantity,
which is greater than the literal (3.00) that is specified in the query. Hence, this tuple should
be counted in the result. However, this value would be missed if the underlying WideTable
was generated with inner join operations.

We note that if the system notices that many child table queries are being issued, then a
new WideTable corresponding to these child tables can be materialized and added to the
SMW. This automatic materialization is part of future work.

4.3.4 Query evaluation

With the query translation techniques presented in Section 4.3.3, an original query is
translated into a logical query plan (RA expression) on a single WideTable. WideTable
then evaluates this query in an efficient scan-based column-wise fashion as follows.

In WideTable, the method for mapping a logical query plan (the tree representation
of an RA expression) to a physical execution plan is fairly simple. Given a logical query
plan (RA expression), the selection operator (σ) is converted to a subtree in the execution
plan tree: a leaf node encapsulates a packed code scan on a single column (attribute); the
internal nodes represent logical operation, e.g. AND, OR, NOT, on one or two nodes. Other
operators are also mapped to corresponding execution operations in the physical execution
tree.

Given a physical execution plan, WideTable performs scans on the selection conditions
in the RA expression, using a packed code scan method (See Section 4.1.4). The scan
operation iteratively evaluates a predicate on a set of codes that fit into a processor word,
resulting in a much higher speed compared to the standard scan method. To perform scans
in WideTable, the scan primitive in WideTable first evaluates basic comparisons on each
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column, using a packed code scan method. Each packed code scan produces a result bit
vector, with one bit for each input column value that indicates if the corresponding column
value is selected as part of the result set. Conjunctions and disjunctions in the selection
condition are implemented as logical AND and OR operations on these result bit vectors.
Note that the columns of interest in the query in the WideTable may come from different
original tables in the normalized database. However, since we have denormalized them
into the WideTable, all the columns have the same cardinality and the same order of tuples,
which makes it efficient to merge the bit vectors that are produced on these columns. The
output of the scan primitive on WideTable is a single result bit vector.

Once the scans are complete, the result bit vector is converted to a list of record num-
bers/ids, which is then used to retrieve other columns of interest for this query. Group-by
operations and aggregations are performed using standard hash-based aggregation al-
gorithms [35], which build a hash table with entries on the group-by columns, and then
use the the hash table entries to store scratch pad variables to incrementally compute the
aggregate.

As an example, Figure 4.12 shows the WideTable’s physical execution plan for the
translated RA expression q3. To evaluate this query, we continue to perform logical ANDs
between the result bit vectors that are produced by packed code scans on each involved
column. The results of the scans are then converted to a list of record numbers/ids, and
fed into a standard group-by and aggregation pipeline.

gender=‘M’status=‘S’ pname!‘Coffee’

group by on pid, 

quantity, pnname

quantity > sum

distinct(pnname)

Code Scan Code Scan Code Scan

AND

GRP

EXPR

GRP

AND

Figure 4.12: Execution plan of the example query Q3.

We note that besides the materialized foreign key joins, certain types of complex com-
ponents in the original queries are also converted into simple scans on WideTables. Such
components include unmaterialized join predicates (e.g. the join predicate N1.nname 6=
N2.nname in Q2) and predicates with nested subblocks (such as Product. quantity > ( . . . )
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in Q3). In summary, WideTable can process a rich set of queries beyond primary-key
foreign-key join queries.

4.3.5 Maintenance of WideTables

In this section, we focus on the maintenance of the WideTables when tuples are added to or
deleted from an original table. Our algorithm for maintaining the WideTables targets the
scenarios when the original tables are being updated in a batch, which is fairly common in
analytical data warehousing environments.

When inserting a set of tuples, I, into an original table R, we do the following for each
WideTable in the SMW. Let U be the set of vertices corresponding to R in the schema
tree of the selected WideTable. For each vertex u ∈ U, WideTable performs inner joins
between I and all the tables whose associated vertices are in the subtree rooted at u. These
joins are computed in the WideTable baking component to produce the denormalized
tuples of I (missing attributes are padded with NULLs). These denormalized tuples of I
are then loaded into the selected WideTable and are encoded using dictionaries or other
encoding schemes in the WideTable. If new values are added to a sorted dictionary, then we
update the dictionary and may repopulate the corresponding column(s) with the updated
dictionary.

A certain class of tuples must be removed from the WideTable due to the insertions
of new tuples. Suppose that the table R has a foreign key that references the table S. If
there exists a tuple s in S that is not referenced by any tuple in R, then s has been added
into the WideTable as an “unjoined” tuple with NULL-padded attributes using outer joins.
Nevertheless, if there is a tuple in I that references s, then s should be removed from the
WideTable. WideTable runs the following query in the WideTable baking component (see
Figure 4.7) to find such tuples, and deletes these tuples from the WideTable.

SELECT I.p
FROM I

WHERE NOT EXISTS (
SELECT * FROM R WHERE I.f(S) = R.f(S) )

When deleting a set of tuples,D, from an original table R, we first create an index, K, on
the primary keys of all tuples inD. Then, we scan the WideTable as follows. For each tuple
in the WideTable, we lookup the values of the attributes, that correspond to the primary
key of R, against K. If such attribute values were found in K, then this tuple is either a tuple
to be deleted, or a tuple that references a tuple that must be deleted. In either case, this
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tuple should be removed from the WideTable.
To deal with “unjoined” tuples in the WideTable, WideTable runs the following query

in the WideTable Baking component to find the new “unjoined” tuples, and inserts these
new “unjoined” tuples into the WideTable. An efficient implementation of this step is to
modify the tuples to be deleted in the WideTable to these “unjoined” tuples directly, by
setting the attributes in R to NULLs. More specifically, suppose that s is a tuple in the table
S that is not referenced by any tuples in R−D, then WideTable rewrites the tuple in the
WideTable that references s (i.e. containing an embedded s) into a “unjoined” tuple s by
setting the attributes in R to NULLs.

SELECT D.p FROM D WHERE NOT EXISTS (
SELECT * FROM R WHERE D.f(S) = R.f(S)

AND D.p 6= R.p )

We note that many techniques could be used to improve the maintenance performance
of WideTables, e.g. employing indices to quickly find the tuples to be deleted, using “sparse”
dictionaries to avoid frequent repopulation of column values, and storing the updated data
into a separate “delta” WideTable that is used to evaluate incoming queries in combination
with the “primary” WideTable. The investigation of these techniques is part of future
work.

4.4 Evaluation

In this section, we present results from an empirical evaluation of the WideTable technique.
In the first part of this section, we evaluate the performance of the WideTable technique
in the Quickstep database engine with the Star Schema Benchmark. Next, in the second
part, we conduct experiments using a standard-alone implementation of the WideTable
technique to evaluate the more complex queries from the TPC-H benchmark.

4.4.1 Star Schema Benchmark

In this section, we present results using the Star Schema Benchmark (SSB) [70]. The SSB is
a simplified version of the TPC-H benchmark, but is designed to measure performance of
database systems in support of classical data warehousing applications. Here we wanted to
present end-to-end results that run through the system. The front-end parser and optimizer
of current Quickstep engine are not yet ready to run complex workloads like TPC-DS and
TPC-H (see Section 4.4.2 for evaluation using the TPC-H benchmark with a standard-alone
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implementation of the WideTable technique). We note that the SSB has been used in many
previous studies, e.g. [3, 1, 90], and the goal of this experiment is to determine the base
performance of our methods on these admittedly simple class of analytic queries.

4.4.1.1 Experimental setups

System Configuration. For our experiments, we use a server with four Intel Xeon E7-4850
CPUs clocked at 2.0 GHz. Each CPU has 10 cores and 20 hyperthreading hardware threads.
The machine runs CentOS Linux 7.0 with Linux Kernel 3.10.0. The server has four NUMA
nodes, one for each socket, and 64 GB of directly-attached memory per NUMA node. The
total memory size is 256 GB for the machine.

Implementation. We implemented and evaluated the WideTable technique in the
Quickstep database engine, developed at University of Wisconsin-Madison. The Quickstep
engine aims to run data processing at the speed of the underlying hardware.

The Quickstep storage manager is based on a novel block-based architecture [18] that
allows a large variety of different physical data organizations to coexist within the same
database. Quickstep currently implements both row-store and column-store layouts, which
can optionally be used with compression. In addition, the BitWeaving technique (see
Chapter 2) has been implemented in Quickstep, and can be used as indices to speed up
scans. Consequently, Quickstep offers the flexibility to evaluate the performance of various
variants that uses a different set of techniques (that we discussed in Section 4.1). The results
of this evaluation are presented in Section 4.4.1.3.

Dataset. For this evaluation, we used SSB datasets at scale factor 10 and 100. The total
sizes of the SSB datasets are approximately 6GB and 64GB, respectively.

4.4.1.2 Comparison to MonetDB

In this section, we present results comparing Quickstep (with and without the WideTable
technique) to a leading open-source in-memory analytical DBMS – MonetDB (version 11.19,
released in October 2014). MonetDB is a full-fledged column-oriented DBMS developed
at CWI. It is designed to provide high performance on complex analytics queries, and is
optimized for modern multi-core CPUs.

In the evaluation below, we fed each query into MonetDB or Quickstep from the com-
mand line, and configured both MonetDB and Quickstep to report execution time, including
the time of printing results on screen. Each query in the SSB was run 10 times. We report
the average execution time for the 10 runs for each query. Both MonetDB and Quickstep
were warmed up before each experiment. To warm up each of the two systems, we ran all
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the 13 SSB queries before measuring execution time to make sure all data are loaded into
memory. We also pinned the server thread(s) on particular CPU core(s), so that no thread
migration occurs during this experiment.

Figure 4.13 and Figure 4.14 show the run times of MonetDB and two Quickstep variants
(with and without the WideTable technique) with the 13 queries in the SSB benchmark. In
these figures, the tag Quickstep refers to the basic settings: we used the columnar storage
format for all tables. Below, the tag Quickstep-WideTable refers to the method with the
WideTable technique: we flattened out the SSB schema, and pre-joined all tables together
to form a single denormalized table; we compressed all attributes in the wide table and
created BitWeaving indices on all filter attributes. We also conducted experiments on other
variants of Quickstep. The experimental results for other Quickstep variants are shown in
Section 4.4.1.3.

Single thread performance comparison. Figure 4.13 compares the performance of
MonetDB and Quickstep with and without the WideTable technique using a single-thread
execution, at scale factors 10 and 100. As can be seen from these figures, Quickstep is
generally slower than MonetDB on these SSB queries. The performance gap is further
increased for the queries Q2.1, Q2.2, and Q2.3, which contain joins with two large dimension
tables. This is mainly because the join operator in Quickstep is not yet optimized for the
CPU cache performance. As a result, the number of cache misses quickly increases and
hinders overall performance.

Nevertheless, with the use of the WideTable technique, Quickstep-WideTable is much
faster than Quickstep, and also outperforms MonetDB on all queries, with over 10X in
speedup for a majority of the SSB queries. Quickstep-WideTable takes advantage of the
denormalization method, which evaluates complex join queries using sequential scans
over compressed values with the BitWeaving technique. For a small subset of SSB queries,
the speedup of Quickstep-WideTable over MonetDB is relatively reduced. For example,
Quickstep-WideTable is only 2.8X faster than MonetDB on the query Q3.1. This is mainly
because the group-by operator makes up a large portion of the total run time for these
queries. The group-by operator uses a hash table on the group-by attributes, which does
not fit in CPU cache and hinders the overall performance for these queries.

Multithreading performance comparison. In the next experiment, we set the number
of threads to 40, which is equal to the number of processors (cores). We have also experi-
mented using 80 threads (which is equal to the number of hardware contexts in the system),
but we did not see significant performance gain over using 40 threads. Since the execution
engine of MonetDB is not NUMA-aware, we did not force Quickstep to allocate memory
space on all NUMA nodes. Instead, in order to make a fair comparison with MonetDB, we
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relied on OS to manage the memory allocation and decide the physical memory location.
Figure 4.14 shows the performance comparison across Quickstep, Quickstep-WideTable,

and MonetDB with multithreading, at scale factors 10 and 100. Unlike the single thread
execution, Quickstep outperforms MonetDB or shows comparable performance on most
all queries, except for Q2.1, Q2.2, and Q2.3. This is mainly because the query execution in
Quickstep takes advantage of the block-based design in the storage manager and uses a
workflow-based query execution paradigm. The execution model results in a more scalable
query processing engine.

Not surprisingly, Quickstep-WideTable also outperforms MonetDB when running
with 40 threads, with an average 6.7X and 4.5X speedup across all queries in the SSB
benchmark at scale factors 10 and 100, respectively. However, the relative speedup of
Quickstep-WideTable over MonetDB generally decreases with multithreading, compared
to a single-thread execution. This is because the worker threads in Quickstep-WideTable
sequentially access memory at a high speed, and quickly reach the maximum memory
bandwidth in the system. Since the OS allocates memory from a single NUMA node, the
memory channel between the NUMA socket and the associated memory bank becomes
the bottleneck to transfer all data into all cores. The bandwidth of the memory channel in
this system is only about 10GB/s in the system, which significantly limits the scalability (to
multi-cores) of Quickstep-WideTable. It is expected that Quickstep-WideTable will likely
see better scalability by either running on a latest architecture (e.g. the maximum memory
bandwidth of the Intel Xeon E7 v3 families is 102GB/s [45]) or allocating memory across
all NUMA nodes and fully optimizing even complex queries for NUMA.

4.4.1.3 Effects of various techniques

In this section, we take advantage of the flexible block-based storage manager in Quickstep
to produce seven Quickstep variants and empirically analyze the space requirements and
the query processing performance of these variants. Based on these results, we empirically
demonstrate the effects of a set of techniques we discussed in Section 4.1. In the evaluation
below, we focus on four aspects of the Quickstep engine: storage format, compression,
scans, and denormalization. To allow for comparison, we use the same setting as that
used in the previous experiment (cf. Section 4.4.1.2). In this experiment, we use the SSB
benchmark at scale factor 10, because at scale factor 100, some Quickstep variants need
more than 300GB data that cannot fit in memory of the machine.

By combining the four aspects (storage format, compression, indexing, and denormal-
ization) together, we configured Quickstep to produce seven Quickstep variants, namely
col, col-zip, col-bw, wide-row, wide-col, wide-col-zip, and wide-col-bw. Here, the tag col and
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row refer to column-oriented, and row-oriented storage formats, respectively. The tag
wide refers to a denormalized method, where we flatten out the SSB schema and pre-join
all tables to form an single WideTable, and translate the original queries on normalized
tables into equivalent queries on the WideTable. The tag zip indicates that we compress
all attributes in the storage layout (we only compress all variable-length attributes and all
filter attributes for normalized tables). Quickstep automatically chooses the compression
method between ordered dictionary compression and truncation based compression (for
integers), based on the compression ratio and the query performance. Finally, the tag bw
means that we compress all filter attributes, and then create BitWeaving indices on all filter
attributes. Note that the tag bw implicitly indicates the zip tag.

Table 4.2 summarizes the characteristics and the space requirements of the seven Quick-
step variants with the SSB benchmark. For scale factor 10, the total size of the raw data set
is approximately 6GB. The denormalization technique extensively increases the database
size from 4.9GB to 30.2GB (or 29.6GB for the columnar storage format). Compression is
very effective in mitigating this, however, reducing the size of the denormalized table to
6.0GB, which takes 40% - 55% more space than the normalized variants. The BitWeaving
indices need an additional 0.6GB and 0.1GB of space for denormalized and normalized
variants, respectively.

Quickstep variants storage format compression scans denormalization space (SF10)

col column No Naive No 4.9 GB
col-zip column Yes Naive No 4.5 GB
col-bw column Yes BitWeaving No 4.6 GB

wide-row row No Naive Yes 30.2 GB
wide-col column No Naive Yes 29.6 GB

wide-col-zip column Yes Naive Yes 7.0 GB
wide-col-bw column Yes BitWeaving Yes 7.6 GB

Table 4.2: Characteristics of the seven Quickstep variants.

Figure 4.15a shows the performance of the seven Quickstep variants with the single-
thread execution of the 13 queries in the SSB (at scale factor 10). The performance is
normalized with respect to that of the col variant. (Note that the y-axis has a log scale.)

As can be seen in Figure 4.15a, the compression technique and the BitWeaving technique
improve the performance of Quickstep for a subset of queries, i.e. Q1.1, Q1.2, and Q1.3.
These queries include joins with the Date table that contains only about 2500 tuples. Since
the hash table of the Date table can entirely fit in CPU cache, the join operator takes only a
small portion of the overall execution time, while the scan operators are the bottleneck for
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these queries. As a result, with the use of the compression and BitWeaving techniques, the
col-zip and col-bw variants significantly speed up the scan operators, and thus outperform
the col variant on these queries. However, these techniques have negligible performance
impact on the other queries, as the join operators are the bottleneck in these other queries.

Surprisingly, we also observe that, with the use of the simple denormalization technique,
the wide-row variant is actually slower than the col variant for nearly all the SSB queries. The
reasons is threefold. First, although the wide-row variant might simplify query processing
by converting join operators into (potentially faster) scan operators, it can slow down
the access to each individual tuple. This is because a tuple in the denormalized table
is generally much larger than the tuple(s) in the original normalized tables, as there are
more attributes in the denormalized table. Consequently, memory bandwidth is wasted in
fetching attributes that are not needed for query processing. Second, as the denormalized
table is typically much larger than the original tables, the wide-row variant requires a larger
memory footprint and may reduce the locality and efficiency of the CPU cache. Third,
with the use of the denormalization technique, the scan operator may need to access more
tuples to evaluate the selection predicates on the original dimension table.

Nevertheless, we show that we overcome these limitations by combining the columnar
storage layout (wide-col), the compression technique (wide-col-zip), and the BitWeaving
scans (wide-col-bw) with the simple denormalization technique. As shown in Figure 4.15a,
by storing all blocks of the demoralized table in a columnar storage format, the wide-col
variant outperforms the col variant for all the SSB queries. These results are consistent with
previous studies [3]. The wide-col-zip variant compresses all attributes in the denormalized
table, achieving an additional 2X speedup over the wide-col variant. Finally, with the use
of the BitWeaving scans, the wide-col-bw variant is up to 10X faster than the wide-col-zip
variant. Collectively, the fastest variant, wide-col-bw, is on average 20.9X and 41.8X faster
than the col and wide-row variants, respectively, across all the 13 SSB queries.

Figure 4.15b illustrates the performance of the seven Quickstep variants when running
with 40 threads (scale factor 10). Compared to the single-thread execution (see Figure 4.15a),
the speedups of the wide-col-zip and wide-col-bw are relatively reduced. This is because
the scan operators in these two variants access data at a higher speed than other variants,
and thus reaches the maximum memory bandwidth of the system. Note that for this
experiment, we allocated memory from a single NUMA node. The memory accesses are
bottlenecked on the the memory channel between the CPU and the memory bank in the
NUMA node.
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4.4.1.4 Varying selectivity

In this experiment, we use the tables in the Star Schema Benchmark (at scale factor 10)
and two synthetic queries Q1 and Q2 to evaluate the impact of changing the selectivity
parameter. The first query (Q1) is based on the query Q1 in the SSB. It accesses two integer
attributes in the projection list. In the second query (Q2), we add three more fixed-size
string attributes to the projection list. As it is rare to see that string attributes are used as
aggregate attributes (only MAX and MIN can be applied to string attributes), we use these
attributes as grouping keys.

Q1: SELECT SUM(lo_extendedprice * lo_discount) AS revenue
FROM lineorder, date
WHERE lo_orderdate = d_datekey
AND d_year between [parameter, parameter]
AND lo_quantity < [parameter]

Q2: SELECT d_month, lo_orderpriority, lo_shipmode,
SUM(lo_extendedprice * lo_discount) AS revenue

FROM lineorder, date
WHERE lo_orderdate = d_datekey
AND d_year between [parameter, parameter]
AND lo_quantity < [parameter]

GROUP BY d_month, lo_orderpriority, lo_shipmode

The parameters in Q1 and Q2 are used to control the selectivity. For each query Qi,
we generate three variants, namely Qi-1, Qi-2, and Qi-3, with varying selectivity of the
predicates on the fact table (lineorder) and the dimension table (date). The selectivity of
these variants is summarized in Table 4.3.

Q1-1 Q1-2 Q1-3 Q2-1 Q2-2 Q2-3
Fact-table 2%-100% 100% 10% 2%-100% 100% 10%selectivity

Dimension-table 100% 2%-100% 2%-100% 100% 2%-100% 2%-100%selectivity
Overall selectivity 2%-100% 2%-100% 0.2%-10% 2%-100% 2%-100% 0.2%-10%

Table 4.3: Selectivity of different variants of the synthetic queries Q1 and Q2.

Figure 4.16 shows the performance of Quickstep and Quickstep-WideTable with the
query Q1. This query accesses two integer attributes in the aggregation phase. Quickstep
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Figure 4.16: Execution time of Q1 varying the selectivity.
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chooses a truncation-based encoding scheme (remove leading zeros) for these integer
attributes. Thus, for this query, decoding these attributes in the aggregation phase does
not need to lookup dictionaries, and is therefore very efficient. As a result, Quickstep-
WideTable significantly outperforms Quickstep for Q1.

In Figure 4.16a, both methods slow down linearly as the selectivity of the predicate on
the fact table increases from 2% to 100%. However, the reasons are different for the two
methods. For Quickstep, when the predicate selectivity increases from 2% to 100%, it has to
lookup more tuples from the fact table against the hash table built on the dimension table.
For Quickstep-WideTable, the execution time of the scan phase is nearly constant, but it
has to decode more matching tuples and apply the aggregate function on more values.

In Figure 4.16b and Figure 4.16c, the performance of both methods also reduces when
we increase the selectivity of the predicate on the dimension table. For Quickstep, this
is mainly because it requires more time to lookup a larger hash table that is built on the
matching tuples from the dimension table. Hence, the execution time increases slowly,
compared to Figure 4.16a. For Quickstep-WideTable, the effect of varying the selectivity on
the dimension table is similar to that of varying the selectivity on the fact table (as shown
in Figure 4.16a). As can be seen from Figure 4.16b, the speedup of Quickstep-WideTable
over Quickstep decreases from 50X to 7.2X as the dimension-table selectivity increases.
Similarly, as shown in Figure 4.16c, the speedup decreases from 16X to 7.0X as the selectivity
increases.

Figure 4.17 show the performance of Quickstep and Quickstep-WideTable with the
query Q2. This query requires decoding two integer attributes and three string attributes
in the aggregation phase. Decoding string attributes has to lookup dictionaries and is
relatively slow. As a result, the speedup of Quickstep-WideTable over Quickstep is generally
reduced. However, Quickstep-WideTable is still faster than Quickstep.

We note that it is possible to speed up the decoding operations on the string attributes
for Q2. In Q2, these string attributes are used as grouping keys. In this case, we do not
need to decode all these string values for all matching tuples, but can directly use the
encoded values as the grouping keys when computing the aggregate value for each group.
After computing all aggregate values for all groups, we then decode each distinct value
in grouping attributes only once (when we print out the result table). Although it has
not been implemented in the Quickstep engine, this method likely performs well when
the number of distinct values is low. Note that this method cannot be used on aggregate
attributes (e.g. lo_extendedprice and lo_discount in Q2). However, it is rare to see that
string attributes are used as aggregate attributes.
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(a) Varying the selectivity on the fact table (Q2-1).
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(b) Varying the selectivity on the dimension table (Q2-2).
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(c) Varying the selectivity on the dimension table (Q2-3).

Figure 4.17: Execution time of Q2 varying the selectivity.
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4.4.2 TPC-H benchmark

In this section, we evaluate the WideTable technique with a standard-alone implementation,
as the current Quickstep engine is not yet ready to run the more complex queries in the
TPC-H benchmark. Instead of end-to-end comparison results, the comparison with other
systems here is to establish a yardstick to better understand the benefits of WideTable on
the class of queries that WideTable can handle.

4.4.2.1 Experimental setups

System Configuration. For this evaluation, our server runs 64-bit Linux, and has dual 2.0
GHz Intel Xeon E5-2620 6-core processors, and 32GB of 1600 MHz DDR3 main memory.
Each processor has 15MB of L3 cache, which is shared by all the cores on that processor. In
addition, each core has 32KB of private L1 instruction cache, 32KB of L1 data cache, and
256KB of L2 cache.

Implementation. We have implemented the WideTable techniques in C++. We choose
the BitWeaving technique presented in Chapter 2 as the packed code scan method used in
WideTable. The implementation uses regular CPU instructions, and does not use any SIMD
optimizations. We have also fairly-standard implementations of the aggregate (with group-
by), sorting, top-k, and string matching operations in the query processor component (see
Figure 4.7), and we compose the code for each query based on the query plan generated
by the methods presented in Section 4.3.3. We note that our implementation supports a
limited class of queries, and is less general than MonetDB. The comparison with MonetDB
is to establish a yardstick to better understand the benefits of WideTable on the class of
queries that WideTable can handle.

Dataset. In the evaluation below, we use queries from the TPC-H benchmark [89].
These experiments were run against a TPC-H dataset at scale factor 10. The total size of the
database is approximately 10GB.

For the TPC-H schema, the WideTable technique produces a single WideTable, called
lineitemWT (lineitem on (partsupp on part on supplier on nation on region) on (orders
on customer on nation on region)).

In addition, we explicitly created the following three additional WideTables: partsuppWT
(partsupp on part on supplier on nation on region), ordersWT (orders on customer on
nation on region), and customerWT (customer on nation on region). Without these three
additional WideTables, queries on “child” tables (cf. Section 4.3.3.3) are slower by up to 6X
(these queries are shown in the last three rows of Table 4.5).

In our experiments, we used MonetDB as the WideTable Baking component to produce
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these WideTables, and then requested MonetDB to dump the WideTables as raw text files.
This step took 75 minutes. We then loaded these raw text files into the WideTable module
(see Figure 4.7). The loading and encoding time was about 90 minutes with one thread. In
the future, we plan to speed up this step with multithreading.

Table 4.4 shows the characteristics of these four WideTables3. With the encoding tech-
niques in WideTable, the size of the database is reduced from 45.7GB to 8.5GB. Note that
the database size in the WideTable format (8.5GB) is even smaller than the size of the raw
text files of the original (normalized) tables (∼10GB).

Components WideTable sizes WideTable cardinality Raw text sizes Compression ratios
lineitemWT 5.4 GB 60.5 M 38.8 GB 7.2X
ordersWT 0.7 GB 15.5M 4.4 GB 6.3X
partsuppWT 0.2 GB 8 M 2.2 GB 11.0X
customerWT 0.05 GB 1.5 M 0.3 GB 5.0X
dictionaries 0.8 GB N/A N/A N/A
filter columns 1.3 GB N/A N/A N/A
Total 8.5 GB N/A 45.7 GB 5.4X

Table 4.4: Sizes of the TPC-H WideTable components. A “filter column” is a special column
that is used to evaluate string predicates.

With our WideTable implementation we can run 21 of the 22 queries in the TPC-H
benchmark. The characteristics of the 22 queries are summarized in Table 4.5. Two of
the 22 queries are simple scan queries. Nested queries are processed using the technique
presented in Section 4.3.3.2. There is only one query (Q21) that contains a non-FKJ (foreign
key join). The WideTable that only materializes the FKJs does not support Q21. However,
there are some extensions of our method to support non-FKJs, which we defer to future
work.

4.4.2.2 Single thread performance comparison

In this experiment, we measure the single thread performance by running the TPC-H
queries using a single process with a single thread. Each query in the TPC-H benchmark
was run 10 times with different query parameters. We report the average execution time for
the 10 runs for each query. Both the MonetDB and the WideTable systems were warmed

3The compression ratio for each WideTable does not count the dictionary size, since the dictio-
naries are shared by all the WideTables.
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TPC-H queries Joins Nested queries Non-FK joins WideTable
Q1, Q6 lineitemWT

Q3, Q5, Q7-Q10, × lineitemWTQ12, Q14, Q19
Q4, Q15, Q17, × × lineitemWTQ18, Q20

Q21 × × × lineitemWT
Q2, Q11, Q16 × × partsuppWT

Q13 × ordersWT

Q22 × × ordersWT,
customerWT

Table 4.5: Characteristics of the queries in the TPC-H benchmark.

up before each experiment. We also pinned the server thread on a particular CPU core, so
that no thread migration occurs during this experiment.

Figure 4.18 shows the run times of MonetDB and WideTable with the 21 queries in the
TPC-H benchmark. We also label the speedup of WideTable over MonetDB on the top of
the bar for each query. As can be seen in the figure, WideTable outperforms MonetDB on all
queries, except for Q18, and with over 10X in speedup for about half of the 21 queries.

Q18 is the only query for which MonetDB is (slightly) faster than the WideTable ap-
proach. This query performs a full table scan on the Lineitem table with no filter predicate,
followed by a group-by operation on keys in the customer table. As there is no filter predi-
cate (the selectivity is 100%), Q18 suffers from fetching the values in the involved columns
in the group-by operation for every tuple in the table. Note that fetching column values
from the underlying packed code storage format is often relatively slow [64], which makes
the WideTable approach underperform on this query.

Q1 and Q6 are the two simple scan queries in the benchmark. WideTable outperforms
MonetDB by 2.0X and 2.3X respectively. Q1 is a simple query that selects 2.4% – 3.6%
of the rows in the Lineitem table, and calculates aggregate values on nine columns. As
MonetDB and WideTable have similar query plans for this query (no join operations), and
the aggregate operations accounts for a large portion of the total run time for this query,
the performance gap here can be largely attributed to the implementation of the group-by
and the aggregate operations. For Q6, WideTable shows a slightly higher speedup over
MonetDB than for Q1, mainly because the scan phase contributes a larger portion to the
total run time (the packed code scan primitive in WideTable is faster than the scan method
used in MonetDB).

For other (join) queries in TPC-H, WideTable takes advantage of the denormalization
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method, which evaluates complex queries using sequential scans over packed codes. For
most of these join queries, WideTable achieves over 5X speedup over MonetDB.

For the join queries Q11, Q13, Q14, Q15, Q20, the speedups of WideTable over MonetDB
are 5.0X, 2.3X, 2.3X, 3.3X, and 3.4X, respectively. This is mainly because the group-by
operation makes up a large portion of the total run time for these queries. (See the discussion
below for the time breakdown which is shown in Figure 4.22). Some group-by operations
in these queries are specified in the original query, whereas some group-by operations are
introduced into the query plan when dealing with nested queries (cf. Section 4.3.3.2). These
group-by operations use a hash table on the group-by attributes. The group-by attributes
often include the primary keys of the original (normalized) tables, e.g. order keys, customer
keys, supplier keys, and contain from hundreds of thousands of group entries to tens of
millions of group entries. As a result, the group-by hash tables are often larger than the
L3 CPU cache. When accessing the group-by hash table, the number of L3 cache misses
quickly increases, and hinders the overall performance. In our experiments, we used a
simple open addressing-based hash table (with linear probing) as the underlying data
structure for the group-by operations. This implementation runs well for small (number
of groups) hash tables, but incurs many cache misses for larger hash tables. We plan to
investigate a more cache-friendly method to perform group-by operations on larger hash
tables as part of future work (building on ideas presented in [102]).

WideTable achieves exceptional speedups (>100X) over MonetDB on Q17. Q17 is a
good example that demonstrates the effectiveness of WideTable when evaluating a complex
nested query (cf. Section 4.3.3.2). The group-by table created for this query is relatively
small (∼60K group entries), and fits in the L3 CPU cache (15MB), which makes accesses to
this group-by table efficient.

4.4.2.3 Multithreading performance comparison

In this experiment, we use multiple threads. We set the number of threads to 12, which is
equal to the number of processors (cores) in the system. We have also experimented using
24 threads (which is equal to the number of hardware contexts in the system), but we did
not see significant performance gain over using 12 threads. In the interest of space, we
omit these results.

In this experiment, for each of the 21 queries we create 120 different instances of each
query. Each query instance uses a different set of (randomly chosen) query parameters;
thus, these queries generally access different portions of the database. Now, each thread
runs 10 of these queries sequentially, and since there are 12 threads, collectively the system
is working on 12 streams of 120 queries for each original query. We do not mix the queries
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– i.e. this is not the TPC-H throughput test. So, when we show results for a query below, it
is the average response time for that query across the 120 different instances. Note both
WideTable and MonetDB use the same queries (i.e. they use the same random number
seed to generate the queries). The goal of this experiment is to study a specific case of
multithreaded performance when the system is running a “homogeneous” workload.

Figure 4.19 shows the speedups of MonetDB and WideTable over the single thread case
(discussed in Section 4.4.2.2) for each of the 21 TPC-H queries. We also mark a horizontal
line in the figure to indicate the ideal speedup with 12 threads.

The speedup of MonetDB over the single thread case ranges from 2.4X to 12.9X4, with
an average value of 9.3X. We see that for the two scan queries (Q1 and Q6), MonetDB
nearly achieves the ideal speedup of 12X. However, for most of the other (join) queries, the
speedups are not close to the ideal speedup, mainly because the join implementation needs
a relatively large amount of space to store its working set. When there are 12 concurrent
threads, the average size of the L3 cache per processor is reduced from 15MB to 2.5MB (six
processors share a 15MB L3 cache). The reduced effective cache size per thread quickly
increases the number of L3 cache misses, and hinders the overall performance of MonetDB.

The speedup of WideTable over the single thread case ranges from 8.4X to 13.2X, with an
average value of 11.3X. For most queries in the TPC-H benchmark, the speedups are close
to the ideal speedup of 12X, because the size of the working set for the scan operations and
the aggregate operations is small. Consequently, the interference amongst the concurrent
threads is insignificant for the scan and the aggregate operations. As a result, WideTable
leverages scan operations on the denormalized tables to achieve near linear scalability.
However, the speedups of WideTable drops for queries that involve large group-by hash
tables. This degradation is more acute when the group-by hash table for one thread fits into
the L3 cache, but the total size of all the group-by tables across the 12 concurrent threads
exceed the L3 cache size.

In Figure 4.20, we plot the speedups of MonetDB and WideTable over the single threaded
case, by varying the number of concurrent threads from 1 to 12. Each thread issues all 22
queries in the TPC-H benchmark, but in a random order (so this test is closer to the TPC-H
throughput case). MonetDB is free to use the threads for either intra-query parallelism
or inter-query parallelism, but our WideTable implementation is simpler, and only uses
one thread per query. The speedup over the single thread case is calculated in terms of the
total run time for all the 22 queries. As a result, the reported scalability is largely affected
and dominated by the scalability of the long-running queries.

4The speedup exceeds the ideal speedup in some cases because of data sharing in the CPU
caches.
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Figure 4.20: Scalability of multithreading with all the 22 TPC-H queries.

As shown in Figure 4.20, WideTable demonstrates a linear speedup as the number of
threads increases. When running with 12 threads (there are 12 cores in this machine),
WideTable achieves 11.4X speedup over the single thread case. MonetDB shows linear
speedup as long as the number of threads does not exceed 8. The gap between the measured
speedup and the ideal linear speedup increases when the number of threads is more than
8. In our experiments, the maximum speedup achieved by MonetDB is 9.5X.

4.4.2.4 Update performance

Figure 4.21 shows the performance comparison of MonetDB and WideTable with two
refresh functions (update queries) in the TPC-H benchmark. As per the TPC-H specification,
the first refresh function, RF1, inserts 15,000 tuples into the Orders table, and around 60,000
tuples into the Lineitem table. The other refresh function, RF2, deletes the same number
of tuples from the Orders and the Lineitem tables.

Not surprisingly, WideTable is 2.0X slower than MonetDB for the insert query (RF1), as
WideTable must denormalize the newly added tuples, and encode all the attribute values
using dictionaries or other encoding schemes.

For the delete query (RF2), MonetDB does not complete this query within ten minutes,
as it suffers from repeatedly scanning the table to find the tuples to be deleted. WideTable
deletes tuples in a batch, creating an index on the primary keys of the tuples to be deleted,
and scanning the primary key column(s) just once to delete all the tuples. If a similar
technique was applied to MonetDB, we expect to see comparable delete performance for
MonetDB and WideTable.
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Figure 4.21: Performance comparison with TPC-H updates.

4.4.2.5 WideTable time breakdown

To better understand the performance characteristics of WideTable, in this last experiment,
we examine the detailed time breakdown for the key operations when running WideTable
with the TPC-H benchmark. (We also compare the time breakdown with MonetDB in
Appendix A.5.)
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Figure 4.22: Time breakdown of WideTable with the TPC-H queries.

Figure 4.22 shows the time breakdown for the different operations. The five key op-
erations that are shown here include: (a) scan operation to scan columns and generate
a bit-vector to indicate matching tuples for a set of filter predicates, (b) string matching
operation to perform a scan with complex string filter predicates, (c) group-by (labeled
Group) to fetch column values from the matching tuples, and cluster column values based
on the group keys, (d) top-k operation to select the top-k entries from the group-by tables or
the WideTables, and (e) aggregation (labeled Aggr) operation to fetch column values from
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the matching tuples, and calculate aggregate values (except of group-by) on these column
values.

As can be seen in Figure 4.22, the string and top-k operations are the fastest operations
– their cost is below 5% of the total query execution time. The other three operations,
scan, aggregation, and group-by operations are all significant across all the queries in the
benchmark. On average, these three operations account for 38.3%, 29.2%, and 31.7%, of the
total run time, respectively.

4.5 Related work

Recently, there has been significant interest in main memory analytical databases in both
the research community (e.g. MonetDB [16, 15, 41], Blink [80], Hyper [48], Shark [99]) and
in the industry (e.g. Vectorwise [106], SAP HANA [27], and IBM DB2 BLU [79]). The focus
of our work is to explore the denormalization technique in this popular main memory
settings.

Our work is inspired by the rich body of work in the use of denormalization. In contrast
to previous work on denormalization (such as [53, 67, 91, 22, 21, 82, 86]), a) we use outer
joins instead of inner joins to denormalize a database schema; b) we explore the idea of
denormalization at the physical schema level rather than at the logical level; and c) we
focus on various techniques that can be realized in practice to avoid some of the pitfalls
that are associated with denormalization.

Dictionary encoding is used to compress data in both row-oriented database sys-
tems [20, 94] and column-oriented database systems [2], and has also used in main memory
analytical databases [80, 27, 54]. In our work, we directly leverage this body of work.
Other compression schemes have also been well investigated in column-oriented database
systems [2].

Many packed scan methods have been proposed recently (e.g. the BitWeaving technique
presented in Chapter 2 and [105, 80, 47, 96, 95, 29]). We leverage these methods in our work,
and note that our work here is complementary to that line of research as the WideTable
design simply uses these methods to scan the underlying (wide) columns.

The idea of materialized views, caching and updating is another popular area of research
with a rich history (e.g. [19, 36, 4, 6]). View matching and maintenance for outer-join views
has also been well studied [59, 60]. In addition, there are more recent proposals such as
the recycling technique in MonetDB [46] that is related to the WideTable design. These
ideas can be used to further improve the use of WideTables and to automatically figure out
the WideTables to materialize.
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Blink [80] is an analytical engine that targets consistent response times to ad hoc queries.
The original incarnation of Blink [80] considered the idea of denormalization with com-
pression and a row-wise packed code scan method [47], but it evaluated data largely in
a row-wise manner. The later version (called IBM DB2 BLU [79]) uses columnar stor-
age, but abandoned the denormalization strategy due to the redundancy introduced by
denormalization [11].

4.6 Concluding remarks

This chapter proposed WideTable, a new method for denormalizing data warehousing
schemas that converts even complex queries on the original schema into scans on WideTa-
bles. Scans are far simpler to execute (e.g. they have predictable access patterns so that its
easy for the software to explicitly issue pre-fetch calls, or for the hardware to do so implic-
itly), making them crucial to high-performance analytical systems. We have empirically
demonstrated the performance and scalability (to multi-cores) aspects of WideTable in a
main memory setting, and shown that it presents a promising approach for fast analytical
query processing.
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Chapter 5

Conclusions and future work

This dissertation makes three contributions to the area of analytical data query processing
systems.

First, in Chapter 2, we presented the BitWeaving scan method that addresses a critical
need for fast scan primitives by exploiting the parallelism available at the bit level in modern
processors. The two flavors of BitWeaving make different trade-offs between two common
access patterns in column-oriented database systems, and thus can be used as a base
storage organization format in column-oriented data stores, or as indices to speedup scan
operations. The BitWeaving method is optimized for fully utilizing both the instruction
bandwidth and the memory bandwidth available on modern processors, and consequently
deliver bare-metal performance for scan operations.

Second, in Chapter 3, we showed that encoding schemes, usually a problem for compres-
sion, can be used to improve the performance of scans over the encoded data by leveraging
skew in the data and queries. To address this opportunity, we proposed the padded en-
coding, a dictionary-based encoding scheme, and corresponding algorithms to construct a
theoretically optimal or near-optimal padded encoding (with respect to the performance
of scans over the encoded data). When the padded encoding scheme is used with the
BitWeaving scan technique, we analytically and empirically demonstrated its effectiveness
to speed up scan performance.

Finally and most importantly, in Chapter 4, we demonstrated that the idea of denormal-
ization becomes a promising approach for fast analytical data processing. The well-known
pitfalls associated with denormalization become negligible or manageable due to several
technical trends including read-mostly append-only workloads, columnar storage, and
dictionary encoding. With the denormalization technique, most complex join queries
on the original database can be converted to simple scans on the flattened table. Thus,
the fast BitWeaving scan technique (introduced in Chapter 2) significantly improves the
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speed of the core operation that is used to answer queries on the denormalized tables.
We empirically evaluated our methods in a main memory setting using the TPC-H and
the star-schema benchmarks, and demonstrated the effectiveness of our methods, both in
terms of raw query performance and scalability when running on many-core machines.

5.1 Future work

The first interesting direction for future work is to extend the techniques presented in this
dissertation to other emerging computer architectures, e.g. tightly-integrated accelerators
(such as GPUs, and Intel Xeon Phi) and 3D die-stacking. These emerging architectures
provide tremendous hardware resources for analytic database workloads. For instance,
GPUs employ very wide data-parallel hardware that naturally leverages the BitWeaving
scan method. The 3D die-stacking technique, on the other hand, enables higher memory
bandwidth and increased compute capability. Consequently, these architectures are likely
to play a big role in future analytic database systems. Using the simple scan primitive as
an example, there have been some initial work [77, 78] in exploring this direction.

The second interesting direction for future work is to expand the WideTable method to
distributed environments. It is well known that distributed joins are generally difficult to
scale out, as it requires transferring a large amount of data across nodes in a cluster. In
such an environment, the denormalization-based WideTable method likely becomes more
appealing. This is primarily because that the WideTable method converts joins to scans,
which are naturally parallelizable. Thus, a WideTable can be broken down into multiple
partitions, each of which is separately stored in a node, and can be evaluated independently.
Furthermore, the total amount of main memory in a cluster provides extra space to store
the denormalized data, which often consumes more space than the original, normalized
data.

Furthermore, there are many interesting open questions in expanding the BitWeaving
method to evaluate queries over more complex encoded structured data. An example of
such encoding method is Protocol Buffers that was originally developed at Google, and
subsequently has been widely used both inside and outside Google to storing and exchange
structured information. Protocol Buffers are serialized into a binary format which often
uses a few bits to represent each field. The compact format of Protocol Buffers provides an
opportunity to use BitWeaving-like techniques to evaluate a query over Protocol Buffers
without decoding each field of the Protocol Buffers. Thus, the proposed method could
significantly reduce the CPU costs associated with decoding Protocol Buffers. The new Bit
Manipulation Instructions (BMI) sets in the latest Intel and AMD CPUs provide a powerful
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set of primitives to develop such techniques.
Finally, there are promising areas for future research in studying how the WideTable

technique could change the way in which one builds cost-effective high-performance
analytical appliances. The traditional wisdom in this area is to build servers with large
amounts of main memory and fit the entire database in main memory. Despite the continual
drop in DRAM prices and increasing memory densities, it is still uneconomical to use this
recipe in many cases. Since the WideTable method only relies on fast scans, the performance
of the WideTable method is primarily determined by the sequential bandwidth of I/O
devices. Thus, a high-performance analytic system might simply be a server that employs
relatively cheap high-bandwidth I/O devices like flash SSDs, but has low memory. This
method could dramatically change the conventional thinking today about how to build a
data processing server. In fact, this line of thinking was a big motivation for the WideTable
work.



135

Appendix A

Supplemental materials

A.1 Converting a bit vector to record numbers

The column-scalar scan methods proposed in this chapter are used to evaluate the predicates
in the query (i.e. the WHERE clause), and produce a result bit vector. The next step for
query processing is to convert the result bit vector to a record number that can be used to
retrieve the attribute/column values that are referred to in other parts of the query (e.g.
the projection attributed in the SELECT clause). Here we assume that record numbers can
be converted to record ids, if the system uses record ids, using methods similar to those
described in [71]. We now present the method that we use to convert the result bit vector
to the record numbers of the selected tuples/records.

We first introduce two bitwise manipulations [51] that provide a fast way to find and
manipulate the rightmost 1 bit in a word. The notations R(x), and P(x) are used to denote
the two manipulations, respectively.

R(x) = x&(x− 1) : remove the rightmost 1 in x.

P(x) = x⊕−x : propagate the rightmost 1 to the left in x,

and remove the rightmost 1 in x.

As an example, here is how these two operations apply on a word x.

x = (0001000010011000)2

R(x) = x&(x− 1) = (0001000010010000)2

P(x) = x⊕−x = (1111111111110000)2

Algorithm 8 shows the pseudocode for the conversion algorithm. The basic idea behind
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this algorithm is to extract each 1 from the bit vector and compute its offset from the word
boundary of the word it occupied. As shown in the algorithm, we iterate over all the words
in the input bit vector. In the loop over the words, we first propagate its rightmost 1 to the
left in the word x (Line 5: P(x)), and then use the POPCNT instruction to count the number
of 1s in it (Line 5: popcnt(P(x))), which is the offset of the rightmost 1 in x. This offset
is added to the base offset p of the word x to get the corresponding row/record number.
Finally, we remove the rightmost 1 from x. We continue this process on word x until there
are no 1s in x.

Algorithm 8 Converting a bit vector to a list of record numbers
Input: BV : input bit vector

w: word width
Output: L: a list of record numbers

1: p := 0
2: for each word x in bit vector BV do
3: while x 6= 0 do
4: rid := p+ popcnt(P(x))
5: append rid to L
6: x := R(x)
7: p := p+w
8: return L

A.2 Extracting delimiter bits

Bit-parallel methods rely on a function f◦(X,C) that performs simultaneous comparisons
on packed codes in a processor word. The outcome of the function is a vector of bw

b
c

results, each of which occupies a b-bit section. The delimiter (leftmost) bit of each section
indicates the comparison results. However, if a predicate clause contains multiple predi-
cates on columns with different widths, conjunctions and disjunctions cannot be directly
implemented as logical AND and OR operations on the result vectors.

In Section 2.2.2.1, we propose the HBP storage format that simplifies the process to
produce the result bit vector with one bit per input code. In this section, we introduce
the methods that produce the result bit vector without the help of the HBP storage layout.
More specifically, we lays out the codes in order. With regard to the discussion in the
last paragraph in Section 2.2.2, the layout of the codes is c1 and c2 in v1, c3 and c4 in
v2, c5 and c6 in v3 and so forth in Figure 2.4. Now, the result words from the predicate
evaluation function f◦(vi,C) on v1, v2, · · · are f◦(v1,C) = R(c1)000R(c2)000, f◦(v2,C) =

R(c3)000R(c4)000, · · · . Then, these result words must be converted to a bit vector of the
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form R(c1)R(c2)R(c3)R(c4) · · · , by extracting all the delimiter bits R(ci) and omitting all
other bits.

Formally, letX be a word that contains a vector of b-bit codes, denoted as x1, x2, · · · , xbwb c,
each of which is either in the form of 0b or in the form of 10b−1. Letmi be the most significant
bit of xi. Thus, X can be represented in the form of

X = (m10b−1m20b−1, · · · ,mbwb c0
b−1).

Then, the task is to compute Y = (m1m2 · · ·mbwb c0
bwb c·(b−1)). Once the value of Y has

been calculated, we trim out the 0s at the tail of Y and concatenate it to produce a result bit
vector.

Divide and conquer based method. First, we introduce a method based on divide and
conquer technique. In each step shown below, we move the delimiter bits of half of values
in the vector.

Step 1: Y = (X∨←b−1 (X))∧ (02b−212 · · · 02b−212)

Step 2: Y = (Y∨←2·(b−1) (Y))∧ (04b−414 · · · 04b−414)

Step 3: Y = (Y∨←4·(b−1) (Y))∧ (08b−818 · · · 08b−818)

· · ·

It is obvious to see that after the first step, Y is in the form of
(m1m202b−2, · · · ,mbwb c−1mbwb c0

2b−2). After the second step, Y is in the form of

(m1m2m3m404b−4, · · · ,mbwb c−3mbwb c−2mbwb c−1mbwb c0
4b−4).

We continue this process for log2(b
w
b
c) steps. Then, Y is in the form of Y = (m1m2 · · ·mbwb c0

bwb c·(b−1)).
As a result, this method requiresO(log2(b

w
b
c)) logical bitwise operations to implement the

process.

Multiplication based method. Another solution is based on multiplication. It is well
known that shifting left by n bits on a number has the effect of multiplying it by 2n.
Essentially, the task of extracting delimiter bits is to left shiftmi by (i− 1) · (b− 1) bits, e.g.
left shiftm1 by 0 bits,m2 by b− 1 bits,m3 by 2 · (b− 1) bits, and so forth. If all delimiter
bits does not interfere with others, we can simultaneously left shift all delimiter bits to
their appropriate bit positions in a single instruction, by multiplying X by 20 + 2b−1 +

22b−2 + · · · + 2bwb c·(b−1) = (0b−210b−21 · · · 0b−21). After that, we apply a mask to clear up
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the rightmost bw
b
c · (b− 1) bits. In sum, we have

Y = (X× (0b−210b−21 · · · 0b−21))∧ (1bwb c0bwb c·(b−1)).

Despite its simplicity, the multiplication based method is correct only when each bit
section is not narrower than

√
w bits, i.e. b >

√
w. For the 64-bit ALU register, each bit

section should be wider than 8 bits. Otherwise, these delimiter bits interfere with each
other and the result is incorrect. Another drawback of the multiplication based method is
that it can not be applied with the wider SIMD instructions, as the current architecture
does not support a multiplication on an entire SIMD word.

Hybrid method. A hybrid method is to use the simple and efficient multiplication
based method when b >

√
w, and the divide and conquer based method for the other

scenarios.
Note that the methods above are all relative expensive compared to the simple com-

putation on the function f◦(X,C). Even though the multiplication base method is used
(note that it is not feasible for narrow columns), ALU multiplication is several times as
expensive as the instructions used in the function f◦(X,C), which hinders the overall scan
performance. In Section 2.5.2, we empirically compare the HBP method with a method
that needs this conversion.

A.3 Counterexample for the monotonicity heuristic

Figure A.1 shows a counterexample for the monotonicity heuristic. There are five values in
the encoding, with the predicate literal weights p0 = 0.5, p1 = 0.28, p2 = 0.01, p3 = 0.01,
p4 = 0.2, and with the column value weights q0 = 0.5, q1 = 0.28, q2 = 0.01, q3 = 0.01,
q4 = 0.2. Figure A.1a illustrates the optimal encoding tree on the five leaf nodes v0 ∼ v4.
However, this optimal encoding tree cannot be obtained by using the monotonicity heuristic.
To illustrate the reason, Figure A.1b shows the optimal subtree on the leaf nodes v0 ∼ v3.
The left subtree and the right subtree is split on the leaf node v2, i.e. R(0, 3) = 2. Thus,
according to the monotonicity heuristic, R(0, 4) should be equal to or greater than R(0, 3).
Nevertheless, the left subtree of the root and the right subtree in the optimal encoding tree
(Figure A.1a) are split at the leaf node v1, i.e. R(0, 4) = 1 < R(0, 3). As a result, with the
monotonicity heuristic, we fail to find the optimal encoding tree. Figure A.1c show the
near-optimal encoding tree constructed with the monotonicity heuristic, whose cost (2.29)
is slightly higher than that of the optimal encoding tree (2.22).
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Figure A.1: The counterexample encoding tree for the monotonicity heuristic.
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A.4 Processing cyclic schema graph in WideTable

In this section, we relax the assumption that the schema graph is a DAG (cf. Section 4.3.2),
and extend the algorithm of producing schema trees to deal with schema graphs with
cycles.

The extension is fairly simple and as follows: For a schema graph with cycles, WideTable
adds a “virtual” source and connects this source to a selected vertex in the graph. To select
such a vertex, WideTable finds the largest (in term of cardinality) table in the circular
reference, and adds an edge from the source to the corresponding vertex of the table. With
the added edge, certain vertices now have more than one incoming edge. Thus, we continue
to split vertices of indegree more than one, until a user specified threshold is met on the
number of iterations. Finally, we remove the “virtual” source and the latest-added edge in
any cycles in the graph to produce the schema tree for the input schema graph.

Example. We illustrate the required steps that are needed to produce a schema tree
for an example cyclic schema shown below. In this example, the primary key fields are
underlined, and the foreign keys are shown in bold. The schema graph is shown in
Figure A.2(a). There is a cyclic reference between the Emp and Dept tables.

Nation(nid, nname)
Emp(eid, ename, gender, did)
Dept(did, dname, nid, eid(manager))

The steps that needed to produce a schema tree for this schema are as follows.

1. We first select the Emp table as the table to start with, and add a source s and an edge
from s to the vertex associated with the Emp table. Then, the vertex “Emp” becomes a
vertex of indegree more than one, and must be split in the next step (Figure A.2(b)).

2. To split the vertex “Emp”, we replace it by two vertices “Emp1” and “Emp2”, and add
edges from both vertices to the vertex “Dept”. The newly added edge forms a new
cycle between the “Dept” and “Emp2” vertices (Figure A.2(c)). Now, the vertex “Dept”
has two incoming edges.

3. Next, we continue to split the vertex “Dept” and the vertex “Nation” in turn (Fig-
ure A.2(d) and Figure A.2(e)).

4. Finally, assuming that we have reached the threshold on the number of iterations, we
remove the source vertex s and the latest-added edge in the cycle, and generate the
schema tree of the example schema graph as shown in Figure A.2(f).
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Figure A.2: Steps that are needed to produce a schema tree for a schema graph with cycles.
The vertex to be split in the next step is marked in gray.

A.5 MonetDB time breakdown with the TPC-H
benchmark

In order to give more insight into the time breakdown of WideTable, we also examine and
compare the detailed time breakdown for the key operations when running MonetDB with
the TPC-H benchmark. Figure A.3 shows the time breakdown for the different operations.
In additional to the five key operations (scan, string, group, top-k, and aggregation) that
are shown in Figure 4.22, we also show the time on join operation.

As can be seen in Figure A.3, on average, the scan, string, join, group, top-k, and
aggregation operations account for 25.3%, 3.6%, 50.8%, 9.8%, 0.1% and 10.0%, of the total
running time, respectively. Not surprisingly, join operation is the most expensive operation,
and dominates the total running time of MonetDB.

By comparing the time breakdown of WideTable with that of MonetDB in more details,
we identify three key reasons behind the high performance of WideTable as follows.

The first and the most apparent reason is that WideTable removes the join component,
which accounts for, on average, 50% of the total running time of MonetDB, by flattening
out the database schema and pre-joining all tables.

Second, WideTable uses packed code scan method to speedup the scan operation.
Although the denormalization strategy might lead to scan more data (on the dimension
table side) due to the redundancy introduced by denormalization (see Section 4.2.2 for
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Figure A.3: Time breakdown of MonetDB with the TPC-H queries.

a more detailed analysis), WideTable spends much less time on scans compared with
MonetDB. Taking the queries Q12 and Q19 in the TPC-H benchmark as an example,
WideTable is 26.9X, and 17.8X faster than MonetDB (as shown in Figure 4.18), respectively.
Since the scan operations of these two queries account for nearly the entire query execution
time for both WideTable and MonetDB, the speedup mainly comes from the packed code
scan method used in WideTable.

Finally, WideTable benefits from dictionary encoding to speedup predicate evalua-
tion with string matching. With order-preserving dictionary encoding technique, prefix
matching, e.g. p_type LIKE ’PROMO%’, and suffix matching, e.g. p_type LIKE ’%BRASS’,
are converted to simple range predicates in the code domain, and leverages the packed
code scan method to efficiently evaluate string matching predicates.
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