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Abstract

Experimental Evaluation of Succinct

Representations of JSON Documents

Edman Paes dos Anjos

School of Computer Science Engineering

Collage of Engineering

The Graduate School

Seoul National University

The massive amounts of data processed in modern computational systems

is becoming a problem of increasing importance. This data is commonly stored

directly or indirectly through the use of data exchange languages, such as JSON

(JavaScript Object Notation) and XML (eXtensible Markup Language), for

human-readable platform agnostic access.

This thesis focuses on exploring succinct representations of JSON docu-

ments as a means of achieving reduced RAM usage of files in main memory,

and of permitting the compression of data files stored in disk. The representa-

tions we propose are mainly based on the idea that JSON documents, as most

data exchange formats, can be deconstructed into structure and raw data. In our

method we represent the tree-like structure of the document with succinct trees,

as opposed to the usual pointer-based implementation. Furthermore, the re-

maining raw data is reorganized into arrays of attributes and values. Attributes

are stripped of redundancies and stored sequentially in a simple contiguous ar-

ray, while values are represented through a bit string indexed heterogeneous

array. This deconstruction between structure and data allows for a straight-
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forward connection between a node in the succinct tree and its corresponding

label-value pair, dispensing pointers altogether.

The scheme here proposed is implemented as the SJSON library in C++,

and then evaluated with respect to a number of metrics comparing its per-

formance with popular alternative JSON parsers. Future improvements to the

representation are then presented. Empirical results show that SJSON is able

to represent JSON files in main memory with up to 98% less space in RAM

than popular libraries in synthetic datasets, and up to 82% in real world cor-

pora. Moreover, SJSON reduces stored file sizes by up to 61% compared to the

original document in synthetic datasets, and up to 41% in real world corpora.

The succinct JSON parser and compression library developed in this thesis is

open source and available online.

Keywords: JSON, succinct data structures, compression, data exchange for-

mats, heterogeneous array indexing

Student Number: 2014-25272
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Chapter 1

Introduction

Every minute 300 hours of video are uploaded to Youtube; 4,000 unique visitors

access the Amazon website; App Store users download 31,000 applications; and

Facebook users like over 4,000,000 posts [24].

Content creation grows at such an explosive rate that currently over 90% of

the world’s data was generated in the last two years [6]. Tremendous amounts

of information are produced every day, and the storage needed to save it is

significantly increasing. Given the limitations of available storage, it is more

and more imperative for data to be compressed as much as possible. On the

other hand, modern systems are still expected to execute operations and data

analysis efficiently, even on large amounts of data. This requires functional

compression approaches to be adopted, thereby allowing data to be compactly

stored while permitting the efficient execution of operations.

A common method for storage and transference of data in modern sys-

tems is through data exchange languages. These languages tend to be formats

designed to describe data in ways that permit it to be read, parsed, and un-

derstood by the most diverse set of languages and platforms, decoupling data

from particularities of its processing environment.
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Over the course of the years several data exchange formats were suggested,

including XML (eXtensible Markup Language) [8] and JSON (JavaScript Ob-

ject Notation) [7]. Although XML was the prevalent format for over a decade,

due to its inherent high verbosity and low readability, the use of XML has

declined over time in favor of the more compact and better structured JSON.

Many modern systems – e.g. MongoDB [11] and CouchDB [1] – have reported

to use JSON as their native format for data storage and in-memory representa-

tion; while web service APIs – Twitter [21], Facebook, Google [20] – commonly

adopt JSON as their data interchange language for transferring information

between servers and clients.

In the real world, data is rarely a big set of random numbers; the strings

of data tend to exhibit foreseeable characteristics, structural regularities, or be

subject to domain constraints. This predictability enables compression systems

to rewrite the same information in a storage-saving manner, permitting the

original data to be thereafter retrieved in full [41].

Additionally, in the specific type of data structures called succinct data

structures [23], we strive to solve algorithmic problems by designing data struc-

tures that use amounts of space close to the information-theoretic lower bound,

while still allowing for the execution of efficient operations. Succinct data struc-

tures for a wide range of fundamental problems have been designed and devel-

oped in the past couple of decades. Examples of problems whose solutions with

succinct data structures variants have been extensively studied and documented

in the literature include, among others, trees and tree operations [4, 34]; range

minimum queries [17]; and suffix array construction [31].

Nevertheless, to the best of our knowledge there are no well-known schemes

in the literature specifically suggested for efficient compression nor efficient in-

memory representation of JSON documents [37]. Libraries like JSONC [10],

written in Javascript, focus on the compression of documents transferred be-

tween clients and web service APIs by employing traditional text compression
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methods such as gzip (DEFLATE, a combination of LZ77 and Huffman encod-

ing). It could be possible to achieve both lower verbosity and higher utility in

JSON representations by applying fundamentals of notable XML compression

algorithms to JSON,

In this thesis we suggest a memory efficient JSON representation and com-

pression library named SJSON , engineered by leveraging ideas of succinct data

structures. Our scheme saves memory in three aspects of JSON documents.

First, we model the document structure as an ordinal tree and encode it through

succinct tree representations [4, 22]. Second, redundancies in attributes are re-

moved and the remaining unique strings are stored in a simple contiguous array.

Lastly, values of the JSON document are encoded compactly and stored in a

heterogeneous bit string indexed array.

Related research has been conducted on superposing an additional structure

for traversing large JSON documents stored in disk. Ottaviano and Grossi [36]

suggested a scheme based on a semi-index. In their work they construct a semi-

index to navigate the file by encoding the document structure with succinct

data structure. The semi-index is basically a bit vector in which bits are set for

specific locations that separate elements. This scheme is feasible since a different

separator is employed for each possible type. At the cost of a space overhead

for storing a succinct representation of the document tree structure, their semi-

index allows for random access of specific values without having to load the

JSON file to memory entirely. Furthermore, the semi-index includes pointers

that indicate the position of the corresponding element in the JSON file stored

in disk. Different from our work, their research does not actually compress the

document, nor strives to represent the JSON content succinctly and efficiently

in memory, but rather offers a layer of indirection for accessing the underlying

stored data. In this respect, the total amount of disk space required by their

approach is strictly higher, though not by much, than the original document,

as it requires the storage of the additional semi-index.
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The rest of this thesis is organized as follows. Preliminary information on

succinct data structures – such as tree representations – and data exchange

languages – such as JSON and XML – will be introduced in Chapter 2. In

Chapter 3 we elaborate on the theoretical details of our compression scheme.

Afterwards, experiments and empirical results along with technical explanations

are given in Chapter 4. Finally, conclusions and future works will be discussed

in Chapter 5.
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Chapter 2

Preliminaries

In this chapter we introduce preliminary work upon which this thesis has its

foundation.

We start with an overview on the XML and JSON data exchange languages,

stating characteristics, common usages, and details of the syntax of these for-

mats. Next on we enter the topic of succinct data structures, by briefly dis-

cussing both its foundations – on bit vectors, rank, and select operations – and

more complex structures leveraged on the design of the data structures behind

our succinct representation.

2.1 Data Exchange Formats

Data exchange (also called data interchange) is the process of taking data struc-

tured under a source schema and further transforming it into data structured

under a target schema (possibly with loss of content), in a systematic way such

that the target data is an accurate representation of the source data [14].

Following this definition, a data exchange language, or format, is a lan-

guage that is domain-independent and can be used for diverse types of data. Its
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semantic expression, capabilities and qualities are largely determined by com-

parison with the capabilities of natural languages. A common characteristic of

such formats is that it can be parsed and correctly interpreted independently

of programming language, running environment, and platform.

The following sections discuss two specific data interchange languages –

XML and JSON – in more detail.

2.1.1 XML (eXtensible Markup Language)

XML (eXtensible Markup Language) is a text based data exchange language

derived from SGML (Standard Generalized Markup Language), being a simpler

alternative that is both human-readable and machine-readable [8]. While its

original goal was to meet the challenges of large-scale electronic publishing,

XML also plays a major role in the data exchange and storage of a wide variety

of systems and web services. This position was attained primarily due to its

higher level of application-independence compared to other data interchange

formats of its time.

An XML document is a string of unicode characters. These are then divided

into markups and contents. Markups are strings that begin with a less-than sign

(<) and end with a greater-than sign (>). A component in the document is called

an element, which has a start tag in the front and an end tag in the end. Between

the two tags, name-value pairs called attributes can exist. Figure 2.1 depicts an

example XML document.

One of the advantages of the XML format is that it is possible to check

the validity of a document with respect to a given schema. One or many XML

documents can be associated with a single DTD (Document Type Definition).

DTD is a schema language that contains a set of markup declarations defining

elements and attributes, which in turn can be tested against XML documents

for validity. Due to this characteristic, XML is also known as a semi-structured

data interchange format.

6



1 <Books >

2 <Book ISBN ="055321419" >

3 <title >Sherlock Holmes: Complete Novels </title >

4 <author >Sir Arthur Conan Doyle </author >

5 </Book >

6 <Book ISBN ="0743273567" >

7 <title >The Great Gatsby </title >

8 <author >F. Scott Fitzgerald </author >

9 </Book >

10 <Book ISBN ="0684826976" >

11 <title >Undaunted Courage </title >

12 <author >Stephen E. Ambrose </author >

13 </Book >

14 <Book ISBN ="0743203178" >

15 <title >Nothing Like It In the World </title >

16 <author >Stephen E. Ambrose </author >

17 </Book >

18 </Books >

Figure 2.1: An XML document.

Furthermore, there are two major query languages for working with XML

endorsed by the W3C. XPath is a query language for selecting nodes from an

XML document using location paths that resemble tree navigation [13]. XQuery

is a more functional language that is designed to query and transform collections

of data in XML documents [15].

Although advantages exist, the XML data exchange format is utterly ver-

bose, cluttering the resulting file with nonessential structural information and

metadata, which, successively, hinders the efficiency of the language in terms
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of usability, readability, and compactness. In a tentative to mitigate this size

overhead, several algorithms implementing XML compression have been sug-

gested in the literature, including XMill [28], TREECHOP [26], XQueC [2] and

XBZipIndex [16].

These compressors are commonly classified with respect to whether or not

the resulting compressed file support queries as it is; and whether structure

and data content are stored alongside or separately. An XML compression

method is called non-queryable if it necessitates the entire XML document

to be decompressed before querying can take place. Homomorphic compressors

encode both the structure and content of a document in a single container,

while permutation-based compressors try to improve compression ratio by dif-

ferentiating the structural and content sections of a document.

2.1.2 JSON (JavaScript Object Notation)

JSON is an open standard document format that uses human-readable struc-

tured text to represent data objects [7]. Designed as an alternative to XML,

JSON is originally based on a subset of the JavaScript programming lan-

guage. Even though its name includes a specific language, JSON is a language-

independent format widely used nowadays to exchange data in the web and to

represent structured information.

The JSON interchange format is designed around two collections – objects

and arrays. An object is an unordered list of attribute-value pairs, i.e., an as-

sociative array. Attributes are strings, and values are one of the possible JSON

value types. Objects are wrapped around curly brackets (“{” and “}”), and

successive attribute-value pairs are separated with commas (“,”). Though the

specification states that pairs inside an object are, in fact, unordered, JSON

parsers commonly assume some implicit ordering. An array is an ordered list

of values. It is enclosed in square brackets (“[” and “]”) and subsequent values

are separated by comma. Values in an array do not have associated attributes.
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1 {

2 "id" : 47,

3 "name" : "Toaster",

4 "tags" : [" Kitchen", "Appliances "],

5 "price" : 32.99 ,

6 "on_sale" : true ,

7 "stock" {

8 "warehouse" : 300,

9 "store" : 20

10 }

11 }

Figure 2.2: A JSON document.

Core types of JSON values, beside the two collections discussed above, in-

clude numbers (integer and real), strings, booleans and null. Figure 2.2 shows

an example of a small but complete JSON document, and Figure 2.3 illustrates

a basic automata that generates documents in JSON document format.

As opposed to XML, there are no well-known compression schemes to both

encode and query JSON documents. Additionally, existing JSON libraries, such

as JSONC, naively perform well-known text compression methods in a JSON

document, so that entire document needs to be decompressed for querying.

Another approach commonly used when transferring JSON files is stripping

unnecessary whitespaces in a process called JSON minification. This, however,

does not constitute an actual compression technique.

The most popular arguments in favor of XML are around the benefits of

its interoperability and openness. However, none of these are inherent to XML

itself. JSON offers the same qualities while improving in a number of aspects,

especially with respect to conciseness, human-readability and ease of parsing
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Figure 2.3: JSON automata

and processing by a machine. JSON represents data as collections of arrays and

records, which is what data actually is. XML represents data based on elements,

attributes, content text, entities, and other meta data. Furthermore, XML is

document-oriented, while JSON is data-oriented. Data-oriented formats can be

more easily mapped to object-oriented systems.

A quick visual comparison between figure 2.2 displayed here and 2.1 from

the previous section is enough to begin understanding how much more simple

JSON is compared to XML.

2.2 Succinct Data Structures

Succinct data structures as a field started with Jacobson’s 1988 Doctoral Disser-

tation [23]. In this variation of data structures we design algorithmic solutions

that use an amount of space close to the information-theoretic lower bound of

the problem in hand, while still allowing for the execution of efficient operations.

One can think of succinct data structures as an extension of data compression,

in which efficient support for queries is also a requirement.
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Traditional pointer-based implementations of data structures – such as linked

lists, suffix trees, or permutations – usually require space equivalent to O(n)

words of memory, or O(n log n) bits. On the other hand, successful succinct

data structures for the same problems can be designed and implemented as to

consume O(n) bits of memory.

The most basic structure employed when devising a new succinct data struc-

ture solution, though not necessarily, is the bit string. A bit string is a string

over the alphabet Σ = {0, 1}. In other words, a bit string is an ordered sequence

of 0s and 1s.

A bit string by itself has limited use. Although its compactness provides

us a framework upon which information can be concisely represented, few use-

ful operations can be efficiently performed on raw bit strings. To enhance its

usability, bit strings can be extended in terms of functionality with auxiliary

structures for rank and select operations.

Given a string S of length n over the alphabet Σ, the rank and select

operations are defined as follows:

• rankα(S, i): the number of occurrences of α in the first i positions of S,

for any α ∈ Σ.

• selectα(S, i): the position of the i-th α in S, for any α ∈ Σ.

In the case that S is a bit string and, thus, Σ = {0, 1}, we have the operations

rank0, rank1, select0, and select1. Extensive research has been conducted on

succinct implementations of rank and select structures over bit strings [12,

23, 32, 34]. One can support both operations in O(1) time while using o(n)

additional bits of space.

On the same vein, a second auxiliary structure built around bit strings is the

balanced parentheses. If we conceptually interpret the set bits of a bit string as

open parentheses, the unset bits as close parentheses, and this resulting sequence
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of opening and closing parentheses is balanced, the following operations can be

defined:

• findclose(S, i): given that position i is an open parenthesis, find the posi-

tion of its matching close parenthesis in bit string S.

• findopen(S, i): provided that position i is a close parenthesis, find the

position of its matching open parenthesis in bit string S.

• excess(S, i): find the difference between the number of open and closing

parenthesis before position i in bit string S. That is, the number of un-

closed parentheses up to position i.

• enclose(S, i): given that position i is an open parenthesis, return the posi-

tion of the open parenthesis corresponding to the closest matching paren-

thesis pair enclosing i in bit string S. That is, the nearest unclosed paren-

thesis before i.

Just as it was the case with rank and select, the aforementioned opera-

tions in balanced parentheses over an n length bit string can be performed

in constant time with additional o(n) space [34]. For notational convenience

we can define rank and select operations over balanced parentheses bit strings

as rankopen(S, i) ≡ rank1(S, i), rankclose(S, i) ≡ rank0(S, i), selectopen(S, i) ≡

select1(S, i), and selectclose(S, i) ≡ select0(S, i).

2.2.1 Succinct Tree Representations

Succinct data structures are fundamentally based on representing elements of

a given set in a compact form, in such a way that operations on its domain can

still be executed efficiently [23].

In this sense, one can immediately notice that in a set of n distinct elements

it would take at least log n bits to represent a single instance of its members.
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This is the idea expressed by the information-theoretic lower bound for repre-

senting an instance taken from a set of n elements.

In general, succinct data structures aim for representing instances of a set

using space as close as possible to the information-theoretic lower bound, while

still supporting operations efficiently. This latter characteristic of succinct data

structures is the single specific trait that distinguishes it from traditional com-

pression algorithms.

Since there are 22n distinct binary trees on n nodes, the minimum num-

ber of bits necessary to distinguish between any two different binary trees is

log 22n = 2n. However, although 2n bits are enough to discern between distinct

tree instances, such a minimal representation might not be powerful enough to

allow us to execute tree operations efficiently. A summary of some of the most

significant tree operations is given in Table 2.1 [3].

In the following sections we outline two space efficient ordinal tree repre-

sentations – BP and DFUDS. Both achieve the optimal space of 2n bits for

representing ordinal trees, and are able to perform a number of tree operations

efficiently with the aid of rank and select, and balanced parentheses auxiliary

structures in total 2n+ o(n) bits of space.

2.2.2 Balanced Parentheses Tree Representation (BP)

The balanced parentheses tree representation was first proposed by Jacob-

son [22] and later improved by Munro and Raman [34]. In this method a

balanced parentheses bit sequence is constructed from a depth-first traversal

of the tree, by writing an opening parenthesis when first arriving at a node,

and a closing parenthesis after visiting all of its children – that is, all nodes

in its subtree. In this way every node has exactly two parentheses associated

with it. Namely, an open parenthesis “(” and a close parenthesis “)”, and

thus, this encoding represents a tree with a bit string composed of 2n balanced

parentheses. As seen above in Section 2.2.1, this representation matches the
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Tree Operation Description

pre rank(x) preorder rank of node x

pre select(x) the node with preorder x

isleaf(x) whether node x is a leaf

ancestor(x, y) whether node x is an ancestor of y

depth(x) depth of node x

parent(x) parent of node x

first child(x) first child of node x

next sibling(x) next sibling of node x

subtree size(x) number of nodes in the subtree of node x

degree(x) number of children of node x

child(x, i) i-th child of node x

child rank(x) number of siblings to the left of node x

level ancestor(x, d) ancestor y of x such that depth(y) = depth(x)− d

lca(x, y) the lowest common ancestor of nodes x and y

Table 2.1: Operations on trees

information-theoretic lower bound for encoding trees.

To support operations in this tree representation we then need to make

use of the auxiliary structures – rank, select, and balanced parentheses – dis-

cussed in Section 2.2. Notice that in this encoding nodes of a subtree are stored

contiguously in the bit string. Thus, the subtree size is taken simply by us-

ing findopen(S, i) and findclose(S, i) operations and taking half the distance

between the opening and closing parentheses that correspond to a node. The

parent of a node can be found in constant time using the enclose(S, i) operation

on the open parenthesis that describe the node.

From the core operations provided by the rank, select, and balanced paren-

theses structures we can derive several tree operations efficiently. In fact, all of
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the core operations presented in Table 2.1 can be performed in O(1) time in

this encoding. A remark should be made here to indicate that a few operations

– namely lca(x, y), level ancestor(x, d), degree(x), child rank(x), and child(x, i)

– cannot be performed in constant time just with the auxiliary structures dis-

cussed here. The works of Munro and others [33], and Lu and Yeh [30] describe

how to support those operations efficiently in O(1) time and o(n) bits of space

by expanding the balanced parentheses structure.

2.2.3 DFUDS Tree Representation

The DFUDS (Depth-First Unary Degree Sequence) tree representation [4, 25]

is based on extending the approaches by Jacobson’s LOUDS [22], and Munro

and Raman’s balanced parentheses [34]. To combine the virtues of these two

representations, DFUDS writes a unary degree sequence of each node in a depth-

first traversal of the tree. That is, whenever we arrive at a node during a depth-

first traversal, we append d open parentheses and one closing parenthesis, where

d is the number of children of the node being visited. A node is represented by

the position of its first open parenthesis. The result is a sequence containing

the same information as LOUDS written in a different order. With the addition

of one artificial open parenthesis prepended at the beginning of the bit string,

the resulting encoding is also a balanced parentheses bit sequence.

As a result, each node has exactly two bits corresponding to itself. A 1 bit

(open parenthesis) is written in the bit string when visiting its parent, and one

0 bit (close parenthesis) is written in the bit string when visiting the node itself.

This generates a 2n length bit string, achieving, as in the balanced parentheses

representation, the information-theoretic lower bound for representing a tree on

n nodes.

Tree operations can then be supported with an additional o(n) bits of space

through the rank, select, and balanced parentheses auxiliary structures, as dis-

cussed in Section 2.2. As it was the case with the BP representation in Sec-
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tion 2.2.2, nodes of a subtree are stored contiguously in the bit string generated

through the DFUDS representation. Thus, the subtree size can be taken by

using findopen(S, i) and findclose(S, i) operations and taking half the distance

between the opening and closing parentheses that correspond to a node.

From the core operations provided by the rank, select, and balanced paren-

theses structures we can derive several tree operations efficiently. In fact, all of

the core operations presented in Table 2.1 can be performed in O(1) time in

this encoding. A remark should be made here to indicate that the degree(x) op-

eration cannot be performed in constant time just with the auxiliary structures

discussed here. The work of Jansson, Sadakane and Sung [25] describe how this

operation can be supported efficiently in O(1) time and o(n) additional bits of

space.

Table 2.2 contains a list of tree operations [3] and a comparison of how each

of them can be implemented in BP and DFUDS.
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Tree Operation BP DFUDS

pre rank(x) rankopen(x) rankclose(x− 1) + 1

pre select(i) selectopen(p) rankclose(p− 1) + 1

isleaf(x) S[x+ 1] =′)′ S[x] =′)′

ancestor(x, y) x ≤ y ≤ findclose(x) x ≤ y ≤ enclose(x)

depth(x) excess(x) –

parent(x) enclose(x) prevclose(findopen(x− 1)) + 1

first child(x) x+ 1 child(x, 1)

next sibling(x) findclose(x) + 1 findclose(findopen(x− 1)− 1) + 1

subtree size(x) (findclose(x)− x+ 1)/2 (findclose(enclose(x))− x)/2 + 1

degree(x) – nextclose(x)− x

child(x) – findclose(nextclose(x)− i) + 1

child rank(x) – nextclose(y)− y; y = findopen(x− 1)

Table 2.2: Operation details of tree operations in BP and DFUDS representa-

tions. A dash is used to indicate operations that require additional auxiliary

structures.
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Chapter 3

Succinct Representations of JSON
Documents

This chapter further explores details of the JSON representations proposed in

this thesis and related data structures implemented in SJSON .

One of the main points in which SJSON improves memory usage compared

to other libraries lies on the fact that we devised a compact variable length

encoding for JSON values. In order to store a series of variable length encodings

we designed a memory-efficient heterogeneous array.

We start this chapter by describing bit string indexed arrays in Section 3.1,

where we explain how a bit string along with the select structure can be used

to define a memory-efficient heterogeneous array indexing scheme. This array

is in turn used later in Section 3.2 to compose the underlying data structures

used in SJSON . In this section we also further discuss the representation in

detail.
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3.1 Bit String Indexed Arrays

In contiguous homogeneous arrays all entries are of a single type, and hence

have the same fixed size in bytes. In such arrays indexing is easily computed

from the array’s starting position and the length of each array element. In

heterogeneous arrays, however, auxiliary structures are required for efficient

indexing, as the size of entries is variable. A common technique used in modern

programming languages to provide the illusion of heterogeneous arrays is to use

a homogeneous array of pointers to elements. Each element pointed to may be

of a different type, but the array is still homogeneous. This approach has the

downside of requiring additional pointers, which, in modern 64-bit computers,

correspond to 8 extra bytes per array entry.

We propose a heterogeneous array indexing scheme based on bit strings

along with the select auxiliary structure. Consider a contiguous heterogeneous

array A with n elements and total size m bytes. We generate a bit string S

of length m bits such that the i-th bit is set if and only if the i-th byte of A

corresponds to the beginning of one of its elements. Notice the bit string S as

generated above has exactly n bits 1, and occupies total m/8 bytes. Now the

problem of indexing the i-th entry of a bit string indexed array is reduced to a

call to select1(S, i), that is, the position of the i-th bit 1 in the bit string S.

Figure 3.1 depicts how the bit string indexed array is structured on a exam-

ple heterogeneous array. In this illustration boolean values occupy 1 byte, real

numbers take 8 bytes, and integers have 4 byte representations.

The overall space overhead incurred by this scheme is m bits for the bit

string S and extra o(m) bits for the auxiliary select structure. More precisely

the bit string index requires m+o(m) extra bits of memory on top of the array

size.
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0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

1 0 0 0 1 0 0 0 0 0 0 0 1 1 0 0 0 1 0 0 0S
{

2189 3.141592 T 42 322000A
{

Figure 3.1: A bit string index built on top of the example heterogeneous array

A = {2189, 3.141592, true, 42, 322000}. Notice how each and every set bit in S

corresponds to the starting position of an element in A.

3.2 Succinct Representations

In this section we discuss the details and underlying data structures that make

up SJSON , our succinct representation for JSON documents.

In order to represent a given JSON document in a memory efficient manner

we deconstruct the document tree structure portion from its content data. The

two subdivisions are in turn separately encoded. This way characteristics and

patterns particular to each specific data type can be leveraged to reduce overall

memory usage.

We implemented encodings of the document structure through the BP and

DFUDS succinct tree representations discussed in Sections 2.2.2 and 2.2.3, re-

spectively. Improvements in memory usage here derive from the fact that tradi-

tional JSON libraries represent the tree structure through pointer-based imple-

mentations, incurring an overhead of about 8n bytes in 64-bit systems, where

n is the number of values in the JSON document. Succinct trees allow us to

reduce that overhead to 2n+ o(n) bits in our scheme.

Given that the structure is dissociated from the document content, the

raw data that remains is a series of attributes and values. These two are also

represented separately. Attributes are exclusively strings, and tend to contain

lots of redundant entries. It is common for even JSON documents with millions

of nodes to have no more than a few dozen unique attributes. In our scheme

we strip redundancies in attributes and store the unique strings in a contiguous
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JSON Type Encoding Size (bytes)

null {type} 1

object {type} 1

array {type} 1

boolean {type} 1

string {type, index} 5+

integer {type, value} 2, 3, 5

double {type, value} 9

Table 3.1: Encodings of JSON types and respective sizes.

memory array. Values that have an attribute associated should encode with

itself the index of its corresponding attribute.

Finally, a value can be of any of the JSON types outlined in Section 2.1.2,

and may or may not have an attribute associated with it. We encode a specific

JSON value according to its type as described in Table 3.1. All encodings start

with a byte identifying its JSON type, and whether the value has an attribute

associated with it. If a JSON value has an attribute associated, its encoding

includes an extra 4-byte index that identifies the corresponding entry in the

attributes array. String values require special treatment as their lengths are

highly variable. We store all strings in an array, and the JSON encoding only

stores the index of its corresponding entry in this string values array. Integer

type encodings occupy 5 bytes for 32-bit numbers. Smaller values may use 16-bit

or 8-bit numbers instead, for total encoding sizes of 3 and 2 bytes, respectively.

The list of value encodings is then stored in a bit string indexed array as

outlined in Section 3.1 without further memory overhead. Each JSON value is

indexed by order of discovery in the depth-first traversal step performed when

creating the succinct tree representation, as noted in Sections 2.2.2 and 2.2.3.

That is, the i-th node in the succinct tree corresponds to the i-th element in
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id : 47 name : “Toaster” tags

“Kitchen” “Appliances”

price : 32.99 on sale : true stock

warehouse : 300 store : 20

(a) Document tree structure corresponding to the sample JSON shown in Figure 2.2.

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

1 1 0 1 0 1 1 0 1 0 0 1 0 1 0 1 1 0 1 0 0 0tree
{

0 1 10 19 32 37 42 47 52 57 66 75

1 1 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 0 0 0 1 0 0 0 0 1 0 0 0 0 1 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0index
{

O N
I

0 47 N
S 1 0 N
D 2 32.99 N
T 3 N
A 4 S 1 S 2 N
O 5 N
I

6 300 N
I

7 20values
{

0 8 16 24 32 40 47

id name price on sale tags stock warehouse storeattributes
{

Toaster Kitchen Appliancesstrings
{

(b) In-memory representation of the sample JSON from Figure 2.2 as encoded by SJSON .

Figure 3.2: In-memory representation of the sample JSON from Figure 2.2 as

encoded by SJSON .

the values array. This characteristic provides us with a lightweight and straight-

forward connection between tree nodes and associated data, based merely on

array indexes.

Figure 3.2 depicts an example document tree of a JSON file (top), and

contains an illustration of the data structure generated by SJSON to represent

that document (bottom). Tree and index are bit strings, while values, attributes,

and strings are regular arrays. Entries in the values array start with a byte

representing an element’s type, where O, NI, NS, ND, NT, and NA stand for

Object, Named Integer, Named String, Named Double, Named True, and Named

Array, respectively. Notice how named types include an additional 4-byte index

to its associated entry in the attributes array.
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Chapter 4

Experimental Results

The library has been implemented in the C++ programming language and

compiled with g++ 6.1. The environment in which the tests were executed fea-

tures an Intel Core i7-4770 3.40GHz CPU, 8GB DDR3 RAM and 1TB 7200rpm

HDD. The machine ran Linux kernel version 4.6.3. RAM usage readings were

done with Valgrind, and elapsed time was measured with the C++ STL library

chrono.

The source code for SJSON as well as our tests and evaluation suite are

available at the URL https://github.com/edman/json-compressor.

We made use of the SDSL [18] library to aid our implementation with bit

strings and auxiliary structures, employing the rank structure as proposed by

Vigna [40], select structure by Clark [12], and balanced parentheses by Navarro

and Sadakane [35]. Future versions of SJSON might explore alternate data

structures.

We evaluate our scheme against three popular JSON libraries – JsonCpp [27],

JSON for Modern C++ [29], and RapidJSON [38] by measuring RAM memory

usage, and total traversal time. Although we measured SJSON implementations

with both BP and DFUDS tree representations, we found that the RAM usage

23



Corpus Nodes Size (MB)

array 10,000,000 49

boolean 10,000,000 106

double 10,000,000 112

int 10,000,000 116

null 10,000,000 93

object 10,000,000 105

string 10,000,000 129

r1 7,000,000 79

r2 10,000,000 114

r3 15,000,000 171

Twitter 3,249,499 90

SNLI 6,757,124 465

Table 4.1: Overview of the corpora used in our experiments.

difference between them is very small – both require 2n+ o(n) bits of memory

– and the traversal time is always higher in DFUDS, as it requires a greater

number of operations than BP for tree traversal operations. With that in mind

we omit the results of the DFUDS tree representation in our experiment results,

all mention to SJSON performance was measured with a BP implementation.

With respect to compression, we compare our scheme against the original file

size and gzip.

The experiments were performed on a collection of datasets of both synthetic

and real world corpora. More details are described in Table 4.1.

• JSON Types: A series of seven synthetic files generated for each possible

JSON type as listed in Table 3.1. The files are named according to the

respective type, e.g., array, null, and double. Each file contains 10 mil-

lion nodes, where all roots are of the respective type. With this dataset we
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intend to illustrate the performance behavior of the libraries on different

value types.

• r1, r2, r3: Three randomly generated JSON documents with increasing

sizes.

• Twitter: A list of 20000 tweets and related metadata collected in 2015.

• SNLI [5]: The Stanford Natural Language Inference corpus is a collection

of human-written English sentences coupled with semantic metadata.

4.1 RAM Memory Usage

Figures 4.1 and 4.2 shows the main memory usage of SJSON compared to

RapidJSON, JsonCpp, and JSON for Modern C++. For visual comparison

purposes these graphs also include the original file size in disk. It is evident

from the experiments that RapidJSON performs best among the third-party

libraries evaluated, and JsonCpp is worst. Our library, in turn, consistently

represents the input datasets in strictly less RAM memory than RapidJSON

by a factor of at most 90% in synthetic data and 66% in real world corpora,

while outperforming JsonCpp by up to 98% and 82% in synthetic and real world

corpora, respectively.

Furthermore, the graphs show that SJSON achieves RAM usage under the

original file size stored in disk for all real world corpora and for most synthetic

datasets – except for string. SJSON RAM improvement compared to the

original file size was as good as 49% on synthetic datasets, and 28% on real

world corpora. On the other hand, all other libraries require RAM usage strictly

higher than the file size in disk.

Our scheme offers significant improvement in memory efficiency by encoding

JSON values according to its type and data in a compact manner, using total

memory proportional to the amount of information contained in a JSON file.
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On the other hand, common JSON libraries use fixed-length representations for

all JSON values, leading to memory usage proportional to the total number of

nodes. RapidJSON, for example, allocates 48 bytes for most values, regardless of

type. Array entries are the exception, taking 24 bytes of memory. This explains

why RapidJSON uses the same amount of memory for most synthetic datasets,

except for array. JSON for Modern C++ and JsonCpp show similar behaviour.

Moreover, these libraries use more memory with the r2, and r3, than with

SNLI because the random datasets have more nodes, despite being smaller in

disk size.

4.2 JSON File Compression

In Figures 4.3 and 4.4 we illustrate the disk usage of SJSON compared to the

original file size and to gzip. Our scheme is able to compress a JSON document

by up to 61% in synthetic files, and up to 41% in real world corpora. SJSON

effectively reduced file size for every dataset. Although our compression is not

as good as gzip with sizes about 2 to 9 times larger, it is easier to reload the

compressed file generated by SJSON back to memory than to decompress and

parse the gzipped file.

4.3 Traversal Time

Figures 4.5 and 4.6 exhibits the traversal time experimental results of SJSON

compared to the performance of other libraries. RapidJSON is again the most

performant, and JsonCpp the worst among the three third-party libraries. SJ-

SON does not compare well to RapidJSON nor to JSON for Modern C++

traversing all documents in at least twice the time, but is often comparable or

better than JsonCpp, being up to 10% faster. The major time bottleneck of our

implementation is the succinct tree traversal.

It is relevant to note that although we pose additional performance overhead
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in traversal time, our scheme is able to answer a more diverse set of queries than

other libraries. Operations like subtree size or lowest common ancestor can be

efficiently accomplished in succinct trees [30,33].
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Figure 4.1: Memory usage of SJSON compared to other libraries with synthetic

datasets.
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Figure 4.2: Memory usage of SJSON compared to other libraries with random

and real world corpora.
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Figure 4.3: Disk usage of SJSON compression compared to the original file size

and to gzip with synthetic datasets.
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and to gzip with random and real world corpora.
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Chapter 5

Conclusion

JSON is the de facto prevalent data interchange document format for data

transmission on web service APIs, besides being used to store or represent

structured data in many modern software systems. However, no well-known

compression scheme tailored for JSON exists yet. In this thesis, we have en-

gineered and implemented SJSON , a succinct representation and compression

scheme for parsing and storing JSON documents in a memory efficient manner.

As a result, our algorithms are able to consistently represent JSON docu-

ments across a range of synthetic and real world datasets in up to 82% less RAM

memory compared to popular libraries, most times using less space than the

original file size. Furthermore, empirical analysis shows that SJSON generated

compressed files up to 41% smaller than the original document.

There still are details that could be improved in the library to further en-

hance its performance in time efficiency and conciseness. First, the represen-

tation of integer literals could be made adaptive to use a variable number of

bytes according to the number size, such as with Tunstall [39] or Golomb en-

codings [19]. Another implementation aspect that could be improved is the

employment of a custom algorithm at the JSON document parsing step. As of
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today, our library makes use of a third-party parser, which requires the JSON

file to be loaded to memory entirely before our representation can be created.

Moreover, our method supports few operations besides basic traversal on

JSON documents, and we do not implement any sort of querying in compressed

documents. An approach similar to the one used by Ottaviano and Grossi [36]

could be employed to allow querying and traversal of compressed documents

at the cost of some additional space overhead. Alternatively, research can also

be done on expanding ideas previously applied in compression schemes, such

as XMill [28], TREECHOP [26], and XQueC [2]. Another point that could be

further explored in the context of JSON documents is on techniques using the

Burrows-Wheeler Transform (BWT) [9], such as in the XBZipIndex [16]. Future

work will focus on augmenting the representation to support additional queries,

while maintaining memory efficiency.

A third point of interest for future work would be to develop an online, or

even dynamic, version of the library. This would improve preprocessing time

and make the library more appealing from a user standpoint.
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J. Siméon, and P. Wadler. Xquery 1.0 and xpath 2.0 formal semantics.

W3C recommendation, 23, 2007.

[16] P. Ferragina, F. Luccio, G. Manzini, and S. Muthukrishnan. Compressing

and searching xml data via two zips. In Proceedings of the 15th interna-

tional conference on World Wide Web, pages 751–760. ACM, 2006.

34



[17] J. Fischer and V. Heun. Combinatorics, Algorithms, Probabilistic and Ex-

perimental Methodologies: First International Symposium, ESCAPE 2007,

Hangzhou, China, April 7-9, 2007, Revised Selected Papers, chapter A New

Succinct Representation of RMQ-Information and Improvements in the

Enhanced Suffix Array, pages 459–470. Springer Berlin Heidelberg, Berlin,

Heidelberg, 2007.

[18] S. Gog, T. Beller, A. Moffat, and M. Petri. From theory to practice: Plug

and play with succinct data structures. In 13th International Symposium

on Experimental Algorithms, (SEA 2014), pages 326–337, 2014.

[19] S. W. Golomb. Run-length encodings. IEEE Transactions on Information

Theory, 1966.

[20] I. Google. Using json in the google data protocol.

https://developers.google.com/gdata/docs/json, 2014. [accessed May

23, 2016].

[21] T. Inc. Twitter developers documentation on rest apis.

https://dev.twitter.com/rest/public, 2016. [accessed May 23, 2016].

[22] G. Jacobson. Space-efficient static trees and graphs. In Proceedings of the

30th Annual Symposium on Foundations of Computer Science, SFCS ’89,

pages 549–554, Washington, DC, USA, 1989. IEEE Computer Society.

[23] G. J. Jacobson. Succinct Static Data Structures. PhD thesis, Carnegie

Mellon University, Pittsburgh, PA, USA, 1988. AAI8918056.

[24] J. James. Data never sleeps 3.0. https://www.domo.com/blog/2015/08/data-

never-sleeps-3-0/, 2015. [accessed May 23, 2016].

[25] J. Jansson, K. Sadakane, and W.-K. Sung. Ultra-succinct representation of

ordered trees with applications. Journal of Computer and System Sciences,

78(2):619 – 631, 2012. Games in Verification.

35
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요약

현대 컴퓨터 시스템에서 생성되는 대용량의 데이터는 처리에 있어서 큰 문제가

되고 있다. 이 데이터는 직간접적으로 JSON, XML과 같은 플랫폼에 무관한 데

이터 교환 언어를 통해 저장된다. 본 논문은 메인 메모리에 적재된 파일의 RAM

사용량을 줄이고, 디스크에 저장된 데이터의 압축을 가능케 하는 JSON 문서의

간결한 표현 방식을 탐색하는 데 주안점을 두었다. 본 논문에서 제안하는 표현

방식은 JSON 문서가 구조 부분과 내용 부분으로 분리 가능하다는 아이디어에

기반을 두고 있다. 이 방법은 통상적으로 사용되는 포인터 방식의 구현이 아닌, 간

결한 트리 구조를 통하여 문서의 구조를 표현한다. 더불어 남은 데이터는 속성과

값의 배열 형태로 재배치된다. 속성들은 연속적인 배열에 중복된 항목들이 제거된

후순차적으로저장되며,값들은비트열로인덱싱된이종배열로표현된다.구조와

내용을분리하는것은간결한트리의노드와그것이표현하는라벨-값쌍을직접적

으로 연결하는 것을 가능케 하여 포인터의 사용을 생략할 수 있게 한다. 이 방식은

C++ 언어를 이용하여 SJSON이라는 이름으로 구현되었다. 본 논문에서는 이 방

식과 널리 사용되는 JSON 분석기들을 여러 척도를 기준으로 비교하였으며, 이

방식에 대한 개선점을 언급한다. 실험 결과를 통해 본 연구에서 구현한 SJSON이

대중적으로 사용되는 라이브러리에 비해 최대 98%(임의로 생성된 데이터) 혹은

82%(실제 데이터) 적은 RAM 공간을 차지한다는 것을 보인다. 더불어 SJSON은

원본 문서에 비해 61%(임의로 생성된 데이터) 혹은 41%(실제 데이터) 적은 디스

크 용량을 사용하여 문서를 저장한다. 본 논문을 통해 구현된 JSON 분석 및 압축

라이브러리는 오픈소스화되어 온라인으로 공개되었다.

주요어: JSON, 데이터 구조 간결화, 데이터 압축, 데이터 교환형식, 이종 배열 인

덱싱
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