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Abstract: Graph data are pervasive worldwide, e.g., social networks, citation networks, and web
graphs. A real-world graph can be huge and requires heavy computational and storage resources for
processing. Various graph compression techniques have been presented to accelerate the processing
time and utilize memory efficiently. SOTA approaches decompose a graph into fixed-size submatrices
and compress it by applying the existing graph compression algorithm. This approach is promising if
the input graph is dense. Otherwise, an optimal graph compression ratio cannot be achieved. Graphs
such as those used by social networks exhibit a power-law distribution. Thus, applying compression
to the fixed-size block of a matrix could lead to the empty cell processing of that matrix. In this paper,
we solve the problem of ordered matrix compression on a deep level, dividing the block into sub-
blocks to achieve the best compression ratio. We observe that the ordered matrix compression ratio
could be improved by adopting variable-shape regions, considering both horizontal- and vertical-
shaped regions. In our empirical evaluation, the proposed approach achieved a 93.8% compression
ratio on average, compared with existing SOTA graph compression techniques.

Keywords: graph compression; graph computation algorithms; graph mining; adjacency matrix regions

1. Introduction

The data generated by real-world applications such as social networks, web networks,
citation networks, biological data, and many others can be modeled as graphs. The size of
the dataset generated by these domains can easily reach the petabyte scale, which leads
to multidimensional research issues, e.g., storage, mining, and processing challenges in
graph compression, a prominent active research field in data mining. Graph compression
pursues the minimum number of bits to describe the input graph [1–5]. Furthermore, the
goal of graph compression is to compress the input graph as much as possible to minimize
storage space. Most graph compression algorithms compress the graphs to reduce the
storage space but increase the processing overhead to decompress them before performing
various mining operations. It must be noted that some graph compression algorithms
compress the graphs to some extent and also speed up the mining operations performed
directly on the compressed graphs [6]. The research community has tried to compress
graphs based on domain-specific criteria. Graph operations such as querying neighbors in
social networks [7] have resulted in the development of the “Eulerian data structure” to
answer both in-neighbor and out-neighbor queries in near-linear time. In triangle listing,
joining operations between adjacency lists [8–10] have provided some of the compressed
graph mining solutions detailed in the existing work, dividing the matrix into fixed-size
row-wise blocks, and storing only non-empty blocks [11].

Real-world graphs have the power-law property, and thus consist of a few dense
regions. The matrix representation of such graphs, as shown in Figure 1, consists of empty
spaces (0 s) that may lead to a poor graph compression ratio. Furthermore, it can also cause
high computation overheads by processing empty sub-matrices. In the prelude heuristic
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in Ref. [6], the matrix needs to be ordered in a compression-friendly manner. We choose
the method given in Ref. [12] as the reordering technique used in this paper. The acquired
matrix is an ordered matrix, subsequently employing reordering.

Figure 1. [Best viewed in color.] Compression-friendly regions of matrix M are shown in blue, green,
and red color.

Moreover, the small number of dense blocks improves the compression ratio because
the smaller blocks are better than the large number of sparse blocks. Therefore, the small
number of dense blocks are suitable for compression. Secondly, this reduces the number of
I/O accesses.

Therefore, the compression ratio of an ordered matrix can be improved by adopting
differently shaped regions on a sub-sub-level rather than considering only fixed-sized
regions. One can see four different possible regions of a matrix (e.g., horizontal-friendly
region, one dense region, ignore region, and vertical-friendly region) in Figure 1. We
divide the region into sub-sub-levels based on density and then compress each region
(i.e., HH, VV) by applying various compression algorithms from the literature. However,
none of the approaches are focused enough to achieve the optimal compression ratio and
runtime. We address the issue of ordered matrix compression. On the other hand, to the
best of our knowledge, very little research has been carried out previously to integrate the
sub-sub-levels of the region compression algorithm to achieve better compression in the
graph dataset.

Therefore, in this paper, we study the practical aspects of the proposed technique pre-
sented in Ref. [6], analyzing the proposed heuristic, implementation, and experimentation
details. We name our technique the horizontal and vertical region (HVR), enabling efficient
compression for the graph dataset. This paper is an extension of our previously published
work. The key contributions of this paper are summarized as follows:

• We propose a lossless graph compression algorithm, iRun, which decomposes the
ordered matrix into compression-friendly HVR, considering each block;

• We propose an architecture that allows compressing a graph using mixed graph
compression algorithms at the block’s sub-sub-level to efficiently reduce storage space
requirements;

• We compare our proposed technique with four existing bitmap compression algo-
rithms and four encoding schemes for graph compression.
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• Extensive experiments are carried out to validate the compactness and processing
efficiency performance of the technique.

The rest of the paper is organized as follows. In Section 2, we describe the related
work. In Section 3 we describe the proposed solution. We report extensive experimental
results on the real-world graph dataset in Section 4. Finally, we conclude our work and
provide future directions in Section 5.

2. Related Work

As graph size increases rapidly, massive graph processing is becoming a demand of
the modern era. The domain of graph compression has been studied to speed up com-
putation on massive graph data while using single consumer computers and distributed
computing. One can find a composed survey on lossless graph compression and inverted
index compression in Refs. [13,14], respectively. We divide the current graph compression
techniques into two different types: graph-encoding techniques and bitmap compression.

2.1. Graph-Encoding Techniques

Adjacency lists and adjacency matrices typically represent graphs; these structures
have been implemented in different file formats to store the graphs. This section is divided
into the two main graph-encoding techniques.

2.1.1. Encoding Adjacency List

The researchers in Ref. [15] suggested a compression technique for graphs on the web.
The graph is compressed by representing adjacent nodes using gap encoding, instead of
the original IDs, to achieve a space cast, because the original IDs (e.g., 32-bit word length)
consume more space. In reference [16], the authors used the same idea of gap encoding.

2.1.2. Encoding Adjacency Matrix

A wide range of existing studies represent graphs in the form of a matrix instead
of a list [2,4,6,8,9,12,17–19]. Our work is closely related to Ace_Up [9], Ligra+ [10], and
SlashBurn [12] in the context of improving the compression ratio. SlashBurn [12,17] and
Ace_Up [9] are graph adjacency matrix-based systems. The matrices are divided into word-
length-sized blocks. Real-world graphs lead to extremely large adjacency matrices that
demand a large space in the system. Ligra+ [10] adopted different encoding techniques to
compress the graphs.

Inside the adjacency matrix, SlashBurn [17] can co-cluster the non-zero elements
more densely. It proposes recursively scrapping the highest-degree nodes first, and then
finding the huge connected portion in the remaining graph. Then, it utilizes the traditional
compression approach, gZip, to compress these blocks to reduce their memory footprint
in the system. These techniques showed good performance, typically for graphs that
exhibit a power-law distribution. On the other hand, SlashBurn has certain limitations. It is
limited to undirected graphs and cannot be used directly to compress the directed graphs.
Furthermore, gZip has a non-trivial compression overhead and is regarded as a heavy
compression technique. Thus, compressed graphs cannot be processed instantly. Hence,
they should be decompressed before any mining task is performed, which increases the
computation overhead.

In Ace-Up [9], a hybrid approach is employed. Clustering is carried out first. Then,
the adjacency matrix is represented by lists of encoded integers. The encoding includes the
combination of 0s and 1s inside a block. For example, we consider the first (green) block of
the matrix shown in Figure 1, a non-empty block in the row IDs 0 and 1. Its leftmost column
ID is 0; the 2× 2 = 4 binary elements (1111) can be encoded for an integer of 15. Thus, the
integer pair 0 and 15 has been used to encode a block. The directory address of the given
block could be 0, 1. A similar situation holds for other non-empty blocks. Combining the
directory address and lists of integer pairs, such as the encoded list, produces the final
structure of this technique. Compared with our proposed technique, we have the obvious
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benefit: the decoding overhead of the HVR encoding technique for original binary elements
is trivial when compared with that of gZip or encoded list decompression. All the relevant
compression techniques with iRun based on their feature comparison are given in Table 1.

The Ligra+ [10], a shared-memory graph-processing framework, is an extension of
Blandford et al. [20]. They parallelized and integrated the compression and decoding
technique to reduce the memory footprint, using k-bit and nibble codes, corresponding to 8-
bit and 4-bit codes, respectively. With less memory, the compressed graph can be processed
for sparse matrix–vector multiplication. In the processing of the matrix, the Nibble code is
slower to decode due to the extra arithmetic required sequentially. In contrast, our proposed
technique, iRun, is a partial parallel technique that performs best in a processing matrix,
because the metadata (as described in Table 2) are sequential.

Table 1. A comparison of all the relevant compression techniques based on the properties of the input
graph and the features of the algorithm.
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Ligra [21] A parallel single-
machine

Reducing the mem-
ory consumption

O(log3 M), M: sum
of the sizes of the sets 7 3 3 3 3

Ace Up [9]
Clustering, struc-
tural information
of the graph

Directed graph
compression Sub-linear 7 7 3 3 7

SlashBurn [12] Reordering greedy
hub selection

To reduce nonzero
blocks in a resulting
adjacency matrix

Iterated logarithmic 3 7 3 3 7

HVR Graph Com-
pression

Horizontal and
vertical shaped
compression

To achieve a higher
compression ratio Logarithmic 7 7 3 3 3

Table 2. Meta file structure.

ID Offset Length Shape Template

0 0 5 H1, H2 T3, T3
1 5 15 V1, V2 T1
2 20 10 S T2
3 30 45 H1, H2 T2, T3

2.2. Bitmap Compression

Bitmap indexes have been widely considered as an efficient data structure for graph
representation [22]. In Figure 2, we give a brief history of bitmap compression tech-
niques [23–27].

Figure 2. A brief history of compression algorithms.
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Dealing with the storage requirements, a series of bitmap index-encoding algorithms
have been proposed, such as BBC [28], WAH [29], CONCISE [30], EWAH [31], PWAH [32],
and Roaring bitmap [33]. A detailed survey of these diverse bitmap compressions is given
in Ref. [34].

In Ref. [31], Enhances Word Aligned Hybrid (EWAH) compression is the extended
version of Ref. [29], which also uses only two types of words, as in WAH. The first type is a
32 bit verbatim word, and the second type is a marker word. EWAH bit maps begin with a
marker word. The first bit indicates which clean word will follow: half of the 16 bits are used
to store the number of clean words, and the remaining 15 bits are used to store the number
of dirty words following the clean word. In the consecutive sequences of 216 identical clean
words, the EWAH is less efficient than WAH because EWAH uses only 16 bits to store the
number of clean words. In contrast, the HVR is more efficient in terms of compression ratio
than EWAH because of the block’s novel horizontal and vertical partitioning. We studied
different lengths of the blocks and showed the results in the experiments (see Section 4.2).

3. Proposed Solution

A graph is a collection of nodes with predetermined edges. Graphs can be of many
sizes and shapes. An adjacency matrix is one method for displaying the nodes and edges in
a graph. The nodes in a graph are assigned numbers from 1 to N to create the adjacency
matrix. The N-by-N matrix’s elements (i, j) are then set to 1 if node i is connected to node
j, and 0 otherwise. As a result, the adjacency matrix for undirected graphs is symmetric.
There are multiple ways in which graph data can be represented in computer memory.
In this paper, we define a graph G as an adjacency matrix M, see Figure 3, in which a
region r could be the subpart of a matrix M, which will be divided into different shapes
S. We represent a graph G, and the adjacency matrix M, with n nodes in our system (see
Equation (1)).

Figure 3. A graph G, and adjacency matrix M.

Mij =

{
1 if an edge exists between nodes i and j
0 otherwise.

(1)

This section provides the formal definition of the problem and describes the proposed
methodology.
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3.1. Problem Definition

We considered word-length-sized blocks of the adjacency matrix M of graph G. Each
block was divided horizontally and vertically, strongly affecting the compression results
of M. Thus, instead of using fixed-size blocks [6,9,12], each block was further divided into
horizontal and vertical regions for a better compression ratio. In Figure 4, red and light
green boxes show the compression-friendly horizontal and vertical regions, respectively.
According to the heuristic proposed in Ref. [6], the matrix M needs to be ordered in a
compression-friendly manner. The adjacency matrix of Figure 4 with a random ordering
of nodes is on the left, whereas the adjacency matrix of the same graph with compression-
friendly ordering is on the right. We assume that we cover all nonzero entries in the matrix
with two-by-two blocks. The suitable matrix requires fewer blocks than the left matrix. In
addition, each non-empty block in the suitable matrix is denser than the one in the left
matrix, perhaps leading to better graph compression.

Figure 4. The importance of reordering for HVR. Left: the adjacency matrix is a part of the graph
shown in Figure 3: A graph G, and the adjacency matrix M with the random ordering of nodes. Right:
adjacency matrix of the same graph, but with a compression-friendly ordering.

Problem: Given a graph G with adjacency matrix M, finding compression-friendly
subsets of HVR implies a smaller number of bits such that the storage cost function,
cost(M), is minimized.

The cost(M) is the required number of bits to represent the compressed matrix M.
The more precise cost(M) uses the minimum number of bits to encode the matrix M. For
adequate compression results, the matrix M is ordered using SlashBurn in a compression-
friendly manner and obtains the matrix M_0 [12], as shown in Figure 4.

Different ordering techniques, such as [35–37], can impact compression, but reordering
is out of the scope of this paper. The matrix considers word-length-sized blocks, and these
blocks are decomposed into HVR. We formulated four Equations (2)–(5), to obtain the
horizontal region, H_i, or the vertical region, V_i, of a block that can be divided into equal
sizes of r× c.

|r| = |br|
2

(2)

|c| = |br| (3)

For vertical blocks V_i, a block is divided vertically into equal-sized r × c regions
such that

|r| = |bc| (4)

|c| = |bc|
2

(5)
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where |r| represents the number of rows in H_i or V_i, |c| represents the number of columns
in H_i or V_i, |br| represents the number of rows of a block, and |bc| represents the number
of columns in a block. Finally, each horizontal and vertical region is encoded by the
best suitable template (available algorithm) from the set of templates {T1, T2, T3, . . .}. We
considered the lowest compression cost for the horizontal (HH) or vertical (VV) region pairs
in each sparse block. Figure 5 shows the detailed architecture of the proposed methodology.
The architecture was divided into four algorithms.

Figure 5. Detailed architecture of the proposed methodology. HH, VV are different shapes and
T1, T2, T3 are the template algorithms.

3.2. Index Run Algorithm (iRun)

The iRun algorithm efficiently compresses the blocks in the horizontal and vertical
regions in the form of key-value pairs. iRun is initiated by generating row vectors and
column vectors for vertical and horizontal regions, respectively (for details, see Section 3.4).
The generation of row vectors and column vectors helps in the efficient compression of
sparse blocks, considering sequences of indexes in a different manner, e.g., row-wise and
column-wise. Algorithm 1 shows the pseudo-code of the iRun algorithm.

Algorithm 1: iRun algorithm
Input : Dataset ( f ilepath)
Output : compressedFile
Initialization
Mat m← createMatrix(FileSystemReader(Dataset))
Executor exe← Executors.newFixedThreadPool(Runtime.getAvailableCors())
while (hasNextRegion(Region(m))) do

Region r← nextRegion(m)
Template Algorithms ti ← {t1, t2, t3}
Set 〈 CompressedResult 〉 cr← new Set()
if !(SparsityCheck(r)) then

foreach Template Algorithms t do
cr← pexec.submit(r, ti)

end
else

cr← SynchronousProcess(r,ti)
end

end
finalResult←MaxCompressionRatioResult(cr)
writeCompressedData(finalResult)
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Sparsity Checking

Region r of block b may not always be sparse because of the power-law distribu-
tion [38], especially in the case of social networks, where some nodes have a vast number
of degrees while others have fewer. Graph reordering and graph partitioning techniques
also significantly affect the performance of graph compression techniques [9,17,39]. For
example, in Figure 1, we can see the dense region highlighted in green. In order to reduce
the processing overhead for such a region, we defined Algorithm 2. In contrast, we must
find the best possible threshold value if the region r is sparse. We contemplated the data
and determined the threshold value by defining Equation (6).

thr =
r · size0

3
(6)

For example, if the region r has a size of 4× 4, it has 16 indexes. If region r has one-third
of non-empty indexes, it should be considered a dense and sparse region otherwise. We
also tried to classify the regions as sparse and dense by considering half of the indexes of
a block. The former method provides slightly improved performance as compared to the
latter. We evaluated the difference between the threshold values in our experiment and
provide an analysis in Section 4.

Algorithm 2: Sparsity Check algorithm
Input : Region r
Output : boolean
Initialization
counter
threshold
for i = 0 to r.size() do

for j = 0 to r.size() do
if ([i][j] == 1) then

counter++
end

end
end
if counter ≤ threshold then

return false
end
return true

3.3. Parallel Process

The parallel process is the component of iRun that selects the best HVR template
algorithm pair to obtain a high compression ratio in each block in parallel. When a region
r has been confirmed as sparse by the previous step, the parallel process starts while
taking that region r and the list of template algorithms as input. In order to achieve the
best compression ratio, the parallel thread computes the best pair of shapes (horizontal
or vertical). We defined Algorithm 3 for HVR decomposition with template algorithms
(see Section 3.4), aiming to achieve the highest compression ratio of a pair (shape and
algorithm). The best case was chosen among all pairs (see Algorithm 4).
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Algorithm 3: HVR decomposition algorithm
Input : Region r
Output : [list(vector)]
Initialization
numberOfVector = 4
result [list(vector)] = new result[numberOfVector]
row, column = r.size()
while !(numberOfVector == 0 ) do

vector v = new vector()
v = equation{2, 3, 4, and 5}
result.add(v)

end
return result

Algorithm 4: Synchronous Process algorithm

Input : Region r, Template Algorithms Ti. i = {1, 2, 3, . . . , n}
Output : 〈 H|V, Ti 〉
Initialization
ParallerExecutor pexec← Executors.newThreadPool(Runtime.getAvailableCors())
ResultSet〈 CompressedResult 〉 cr← new ResultSet()
while (isAlive(pexec)) do

resultSet [vector v] = HVR-decomposition()
foreach vector v do

cr← pexec.submit(r, Ti)
end
return 〈H|V, Ti〉

end

3.4. HVR Decomposition

To obtain the horizontal and vertical region of an input block b of size 4× 4, as shown in
Figure 6, we divided block b into four vectors. In order to obtain the vectors, we formulated
four Equations (2)–(5), as shown in Section 3.1. A row vector Rv_i is obtained by generating
a row-wise sequence of indexes for a vertical region. In contrast, a column vector Cv_i
is obtained by generating a column-wise sequence of indexes for a horizontal region, as
shown in Figure 6. For each Rv_i and Cv_i, a set of key–value pairs is generated where the
key represents an index offset of a sequence of 1s, and the value represents consecutive 1s
in the sequence. For each block, horizontal or vertical region pairs with a small number of
key–value pairs are chosen and stored on the disk.

Figure 6. HVR-decomposition.

The compressed data are stored in two files, in which one file contains the actual
compressed data, while the second contains the metadata. Data can inexpensively be
accessed directly from the file (see Table 2).
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4. Experimental Setup and Evaluation

This section presents the experimental settings, including the experimental results and
a comprehensive analysis of the proposed technique. We study the performance of iRun
with four state-of-the-art encoding schemes and four SOTA bitmap compression algorithms.
Furthermore, the decompression cost for the proposed iRun algorithm is also presented in
this section.

All of the algorithms were developed in Java on a 64-bit Intel Core i5-4460 CPU
3.2 GHz, with four cores and three levels of caches running Windows 10. The experiments
were conducted on various real-world datasets, as shown in Table 3, which provides the
dataset statistics and specifications. Various compression algorithms are evaluated using
memory and time complexity measures, but the focus is on evaluating the compression
algorithms for compression ratios (cr). The compression ratio was calculated as follows:

compressionRatio (cr) =
uncompressed data

compressed data
(7)

We evaluated the proposed technique in terms of three aspects: first, processing
time in seconds; second, the space occupied on the disk by the compressed data; and
finally, the compression ratio. This section shows the performance comparison of the
proposed technique with the existing methods, considering the real-world graphs on a
single consumer machine.

Table 3. Dataset statistics.

Real Graph Datasets Type # of Vertices # of Edges Size (MB)

Google Web Graph Web pages network 875713 510503 71.8
Road Network Road traffic network 196520 553321 83.7
Facebook Social network 4847572 6899378 131
DBLP Citation network 317080 104986 13.2

4.1. Processing Time Comparison

Real-world graphs, such as those from DBLP, Facebook, and WebGrph, except road
networks, follow a power-law distribution and are hard to compress because they corre-
spond to very sparse adjacency matrices. Figure 7 shows the processing time of each dataset
compressed by different compression algorithms. In each dataset, iRun performs the best.

To find the best optimum representation of the block and minimize the cost(M), we
analyze the performance of Algorithm 2 by setting different threshold values. The results
can be seen in Figure 8. Setting the threshold value to 3, we found that if the region r
does not satisfy the condition, it is sparse. Moreover, the current region r is led toward the
parallel process, which divides the region r into different shapes (horizontal and vertical)
to find the best optimum for the compression ratio of the current region r.

Figure 7. Processing time.
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Figure 8. Processing time of each dataset choosing different threshold values.

4.2. Memory Complexity Comparison

iRun provides a better compression ratio than other graph compression techniques,
such as Mflash, Ligra, AceUP, gZip, Roaring, CONCISE, EWAH, and BBC.

Figure 9 shows the standards of graph datasets before and after applying the iRun
compression algorithm, showing the occupied space on the disk. In Figure 10, we look
at the size of b, varying by 8, 16, 32, and 64, and divide graph adjacency matrices into
b× b blocks. Parameter b will affect the number of non-empty blocks. Figure 11 shows
the compression ratios for various compression algorithms. iRun outperforms the others
by providing the lowest memory complexity because it utilizes the diversity of shapes
and compression algorithms at horizontal and vertical levels of half-word-length size. For
each HVR, row-wise and column-wise indices and the compression algorithm provide the
highest compression ratio. We studied the size of the compressed matrix based on the cast
function defined in Section 3.1. The effect of the parameter was analyzed. The performance
of our proposed technique was studied in terms of memory.

Overall, a more significant b leads to fewer non-empty blocks. However, a larger b, for
example, b = 64, does not necessarily lead to a shorter processing time in graph computa-
tion because a larger b means more elements appearing in a block. Thus, we must spend
more time making different shapes for b, in order to achieve a better compression ratio.

Figure 9. Uncompressed and compressed data on disk.
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Figure 10. Number of non-empty blocks according to size of b.

Figure 11. Compression ratio.

5. Conclusions

This paper proposes a lossless compression algorithm that compresses a graph at
horizontal and vertical regions (HVR) in parallel for a variable length of block. We also
propose the diversity of compression algorithms at the block level for the compression of
a graph to obtain an efficient compression ratio. Row-wise and column-wise indices for
HVR are generated and compressed using iRun in parallel. Our analysis shows that the
small size of dense blocks leads to a much better compression ratio of 93.8% compared with
the state-of-the-art compression algorithms. The iRun technique outperforms the existing
compression algorithm on all real-world datasets, and more significantly on those that
follow the power-law degree distribution. iRun preserves the actual state of the graph
while maintaining the metadata. iRun shows promising results and can be investigated
further in the future by elucidating its more silent properties. Currently, we are working on
extending our technique to the distributed system.
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